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Abstract

Abstract

Open-domain dialogue systems aim to satisfy the social needs of humans, such as
emotional support, companionship, acquisition of a sense of belonging, etc., to max-
imize the long-term connections of users. With the recent development of deep neu-
ral networks, data-driven generative open-domain dialogue systems have gradually at-
tracted extensive attention from researchers. In order to construct a high-quality gener-
ative open-domain dialogue system, it is necessary to consider its unique characteristic,
which allows dialogues to have a variety of different-semantic responses but keep se-
mantically consistent with the dialogue history. Therefore, dialogue systems must first
comprehensively understand complex semantic mapping to generate semantically di-
verse responses. Accordingly, the data-driven construction approach requires dialogue
training data with rich semantic content. Meanwhile, generated responses cannot con-
tradict the semantic content of the dialogue history (i.e., keep consistency). However,
the mining and utilization of semantics in existing systems are minimal, so there are still

several challenges to achieving the above goals.

This thesis studies several key challenges during the construction process: (1) Dif-
ficult modeling of dialogue semantic mapping: Open-domain dialogue has complex
hierarchical semantic mapping. It is particularly difficult for dialogue models to learn
such a complex mapping from training data by itself. How to explicitly model the hi-
erarchical semantic mapping is a problem worth exploring; (2) Insufficient semantic
content of training data: Manually constructing training data with rich semantics is
time-consuming and labor-intensive. Responses from existing datasets usually corre-
spond to only a small number of semantic perspectives. How to automatically generate a
variety of different-semantic responses to enhance the semantic content of the dialogue
is a significant problem; (3) Difficulty satisfying consistency constraints on semantic
content: Existing systems additionally train consistency detection models to meet the
consistency constraints of responses. The training data of detection models are human-
written, which has different distribution from the system-generated data. Thus, detec-
tion models perform poorly in the real-world setting. How to alleviate the performance
decay of detection models under distribution shift for better satisfying the consistency

constraints is an urgent problem.

Aiming at the above three problems, this thesis gradually deepens the mining and
utilization of semantic information as the difficulty of the problem increases. The thesis
then proposes corresponding solutions from basic semantic modeling, to explicit seman-
tic transition, and then to complex semantic decomposition, and achieves the following

results:
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1. Dialogue Response Generation Based on Semantic Modelling

For difficult modeling of dialogue semantic mapping, this work proposes a re-
sponse generation method based on semantic representation for explicitly modeling the
hierarchical semantic mapping and generating semantically diverse responses. This
method follows the idea of introducing latent variables to enhance modeling. This
method further aligns latent variables with different semantic aspects and reduces the
overlap between semantic representations of latent variables. To obtain all semantic as-
pects of the given dialogue history, this method additionally introduces a multi-semantic
response retrieval module, which supplements multiple different-semantic responses for
each dialogue history in the training set. Responses with different semantics correspond
to different semantic aspects. Response generation models associate each semantic as-
pect contained in the response with different latent variables through supervised train-
ing. Experimental results show that this method can generate more semantically diverse
responses, and can effectively model the hierarchical semantic mapping of open-domain

dialogues.
2. Dialogue Data Augmentation Based on Semantic Transition

For insufficient semantic content of training data, this work proposes a data aug-
mentation method based on semantic transition for augmenting more different-semantic
responses. This method inspires by the human process of generating different-semantic
responses. Humans first focus on a certain point in the dialogue, and then shift their
attention to a semantic perspective that they want to talk about to generate a response.
Afterward, humans would think about a question: the response would happen if the
current semantic perspective is changed. Answering this question will infer a differ-
ent response. Thus, given an observed dialogue, this method infers semantically dif-
ferent responses by replacing the observed semantic perspective with alternative ones.
To achieve an alternative, this method constructs a shift graph based on all observed
dialogues, which explicitly represents the shifts between the focuses on dialogue his-
tories and their corresponding semantic perspective respectively. The shift graph en-
sures the validity of semantic transition. Experimental results show that this method
can augment high-quality responses with different semantics and improve performance

on downstream tasks, especially the semantic diversity on response generation.
3. Dialogue Consistency Detection Based on Semantic Decomposition

For difficulty satisfying consistency constraints on semantic content, this work pro-
poses a consistency detection method for alleviating performance decay of detection
models under distribution shift, so that the consistency constraints can be satisfied more
effectively. Performance decay under distribution shift indicates the poor robustness
of models. Drawing inspiration from ideas used to improve the robustness of other

NLP tasks, this method constructs counterfactual samples and then merges them with
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the original training samples to improve their robustness. The counterfactual samples
refer to samples that are very similar to the original sample but have opposite labels.
According to the definition, the method designs the construction scheme of “’labeling
inconsistent content - modifying the least inconsistent content to reverse the label”. To
automatically identify the inconsistent content, this method first applies semantic de-
composition to decompose independent semantic units from dialogues and then marks
inconsistent content by judging which semantic units are contradictory. Experimental
results show that this method can effectively improve the robustness of dialogue con-
sistency detection models, to better meet the constraint that the semantic content of the

response is consistent with the content in the dialogue history.

In summary, this thesis takes “semantics”, the key element in system construction,
as the starting point, through continuously deepening the understanding of dialogue se-
mantics, and continuously mining and utilizing more specific and fine-grained semantic
information, to address multiple key challenges in system construction. Accordingly,
this thesis designs corresponding solutions for more effectively building generative di-
alogue models. It is hoped that the techniques we explore in this thesis can promote the

development of this research branch.

Key Words: Open-domain Dialogue System, Data Augmentation, Dialogue Genera-

tion, Dialogue Consistency
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Lo BRI SO o 28 AEME R )AL, AR SCHR HH — b 18 SRR i [l
SRR, T R EBRGOE IS R, PAERGE XZHER IS . XA
SCSS 56 ZRAET - R3E bSO 22 A R AR il ] 52 f) o ST, A v SN T T
A T AZGE RN A DL, 07 A N T A 2 AR s a e aE )
(AR o HE AP o s S U SR A B A RN R SO0, i
e DB R AT . ABFEYURAE— DA R M, HE— 2N
EEEVURAE— AR EE, B I E R AR . d T RE_ B S A A ] A2 Y
T SO B2 AN el iy, 5 HLRIEETE SCITEE R0, 32 BRI R8s Hhnd L) o]
O %ok v SO T e, AR ME DASE B BieA i U s . PRLE, 0573k
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B e

HEEIA T 215 L E AR AN A WG S 38 A 7R A ) 1 SO T )
M5, HR, %I TG Wasserstein [ g, REAS [A] 15 SO -5 AN 7]
BAR BT T, AR IEA [ BeAR B2 1) BE B R AT BE G o 30AF T DA BE i VA iy s A
X i b SCA ] A2 (R J2 08 SO OE 2R, T PR IR B 28 5 T SRR B AR A il
AN A2 R, R E LN . AR EEZ N AT EdEE -
PEATSCIGIGIE o SEIG 4 SRR IR L RENS A5 I 208 LR I A . [R5
B FRHHIZ 7 5 REAE AT R BT o 35 1) 2 G UL K &R

2. EPRFNGRERE NS £ R WA, AR SCHEH — R BT U
B3GR s, AT AR R _ESCP A RNE UM R, AR S IR R 01
NNEEEE. BRI G RS R & FRAR KRR b Y28 1 i
FORDLE « WERIIGREIE B A AR A 15 LN 8 R, IBRGNA
AT RE A 22 B O B AT SO &R, T AR B A I, Hod )i o
IE X 2R R, BRI TR 5 T N R RIE LRI AR . A
— AN B30, NE e R RIRE_E SO SR g, BEIM & R E —
MERICITE LAE R E AN . HBEE AN SR EH A8 ey
Bl RIEAIE LA, MESGHARNE. NER E L KA FR 37 555
RS, PRRRYHIAEANAS , B T olds il U B, HA S m [ 53 26 i) PR 25
(WY ET LIRS BRI ) AR . XAE S BRIt 2
PP S S, BT —E 3 SC LRt A P ORIE PR S SR 8. Rk, %
Dy VEAS B I A SE B, T RT AR R A T S A R S B T 20 SOR TR
155 o 1 SeHE [l 5 AR AL B AT T S s S A 25 A TR SR AR Y. (Structural
Causal Model, SCM). #&J5 I H SCM H AN b W8I0 AR & Sfe A i afsg . i —
R TR AT B4 TE A JE, 2 R T NGB & T XHE ESCRE RS
TS BRI e R R B, KGRI EERS X SR B A T A 30 15 S B . e 2R
B AR EAE AN G T B R 2 YN SRR BB DA TR A [ PR e . SRR 25 SRR Ty
VERES A S YR RIE WIS, I RESR T T AR SRR, U XG4 B
[ ED

3. BPNHEISE T SN A — B A DA 2 B TR0, AR SR —Fh B TE
O RE— BRI YR, T SRR BSOS A A s o A 25 57 T A R
W, PAMEFS— S0k 2 g A 5 2 . B E B i 22 RN P ERE TR
WA S I 22 o 3 T BRI ) TR R NG P It R B A K. A, %
TGS T HABAT S-S TR E e ) AR, BIRG 3 S R s AR, I 5 R AR
IREFNGHB, DAGRBEIT O 2 R AT, SEmPE il i Skttt
FEAR TG AR AR RE AR A B AR SRR AR o A8 S 2 SRR AR BRI 5 4 2
T BUETRE RO S R AR RE A S AT REAR L. BRIIL, 2 S A B TR s
FEAFR—E (OF)F) MINE, REESE MR D A — SN B R AR AR 1)
WA o BRI, X A—80REA, @t iHER B 107 i N AR AR AR A —
B T B, BTN X P G I N AR AR IE AN B N T R



VB SR A T RSO 5 A AR T

R —EW N ZE, 1% S Sy ik B REUSERE SR ARG 40 i 22 A ST ) 1
NNZERRTG, PR AR s LN H AT S A bRie A — BN . U A
S TGV T AT % TS ) S S s, A S A B S R v 8k E B AR
RN . IS AR T IRIGI0IE . S 45 R F 1% 7 1k BE
1% G fRABE RN O 5 2R MO A AP TR g e, AT B e b 2 ] 52 o
SRS SO AR R — B A

1.3 X4

A RN EE, ARG

BB E NG T IS RGP S AL EEATRE L, HE—
e T B R AR R R A G 2R G0 A I A DA R T I A BBk
i, RGTENE 7AW EEMR RS NE, PAUSHHR IBFSERER -

55 T R RO I R S H Rl T TARER . EEN A T O
WP RGN E A, TR R U HA YRR B AR R Ay
i HR R BEOR TR et SRR 20 1) B2 A 8 T B TR st 3 [ A2 A BT R
FIXTAE: BJENE T FUEAE 250 B B 3228 TR0 i .

55 =BG T OIS T MG O 2R BAROME ) 1A . T IR T ORI [
(2GR UL &R, I A T B @R i TG i 2 ;. RN AT
ARG FERBTY . Xl Wasserstein H 4ifid#i: SAEHEANN T AWF R BT
Z 15 Y Wasserstein H 4afibas: 5 el Ay SRBOT A 5 1l &2 118 ST 45 B,
HARA 23 )R B AR RS ST —— X 5%, PARZ ey ek 20 B A% B 3 [R) A9 B
B WG T A RESELE . SCIANTT A SOT R RS, RIG 4 TR
TEZ IO T4 L IR 25 1 5 4T

ST T N 2R E LN AN 325 W 008 . 1 JE A T IRl ik 5
SN GBIAFAER NS, HAg0 T AR AR 8 RE N 7T
BT R RS X, AR T T s S B A 4540 PR AR (SCM)
PIIEAMEE . Z G N4 T A SCHE BRI sR vk - i TR a4 wi
BT, HR B U HRASAN R AT R o] AR B 52 i SCA B, SR Ja A ah i B
T2 TR ) AR (A8 A B2 A O TR LR 42 s Bl SR IR T £di i g
H¥E: wa, MR THERNEIEE. ST AP RS, R4 1 T8
L5 ST

SRS T R SN — B E 2O DA R A 8. 1 e T B
PERS AT 55 () E M, DAJH Al r A AL B TR A PR A AR5 IR T A SO ik
PR PIBIAL, PARCERNG R E PR Rl , PRGN T el XSRS H 5 2
WHHA—E OF &) PINE, PASAN 3 i B AR — 800 28 540 1 AH B 1)
FAMEA; e HTEESH TS 2RI E Ry Signgs R, Xt Tt
WA T TMTe, BRIE T R 3k
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SENTRT DA FIUANFR AT T 845, 48 T A SO T 25T A K B
Wl WG b WA T A LI Z A0 TAEZ BIIECER , DALREE T IF
TBOHXH I R GEARRAEFHRAIR R I T 7] -



VB SR A T RSO 5 A AR T




B2E HRIAK

AREEFEAN A T IS TG RGOS BAR S A sl . Sl 1
TR 2R 8 M PSRBT IR BT A R ARl By YA M T 2R nlr
XA . HR, AFENS T H BRI S A m s i R BTG5 1, A&
BRI I K AR e, AFNG T H AT AR i TR T s 3k 2R 4
B R PEAS D A B AN HE AT

2.1 FRUSIHERGERN EREBES

ISR T 28 G — FBC A s 2] i ) G ) - R A S B R A S B, LA D2
A A A WA ARG S X VA, W Y =YY, ... Y, Al

Y = argmax Py(Y|X), (2.11)
YeQ
Hrp, Q URETEERIE LG, Py ANrl5 kbl AT /0 kg, BALE
B RAIR R A DT He e [0l 52 B2 & 5 Fem IR — ME A S G iy el &2
IR ARG MR TR RO T RGP A AR A BTRER
A0 T AR T VAR T AR U T AR T ¥k . W TR AT A, RS0 Qi
i T E SCHY NN R IR 4R th A R i S & R 35, XL NJEXRHEER 2 I an
<X B3, WIS > PR, Pp(Y | X) WIRT DAH SCAS PURCEL AR SEH , il
SEL A3 1] 52 RN 25 78 RHE _E SCRI VR R4 X T AE i, RS Q 7
WEA m eS|, BIY e V7, Hp VERTER KN, m FoRElE )oK
FE. Pp(Y|X) G8F HH H R Seq2seq A BUSEIL, R ALTE 7843 BRAGXE 305
BB M A R R )
PRk, BATFEAN PR EREB BN E L, DAL 5T N
Z5, TPk, A H BTt .

211 BEFRERMINERERZE

BT RN T AR TR B AR AR A R VA M TIUE S AR 176 i dhe
SR O A A R S A UL e 2- 1R T TR R X
FERTTIER A . TEX MRS BCE S, T IR E S A E X E SRR
N ASFIARIXHE 30, Ik 2O 2R H 0 3% b SOR I 14 8152 A O 45 7€ 37k
SCHYRIEIN S AR Ao SRS B SCAR DU IEBE A Pp(Y | X0) A8 e [u] 2 15 24 T 6F 37
ESCRVEEE MR, e e BB AL Y it . BALS A 0 R
f/IMEEET AR I ORHE 451 2k s R (Margin-based Pairwise Ranking Loss) KAk
&, RJ

L =max(0,y +matchy(Y_, X) — matchy(Y,, X)), (2.12)
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Figure 2-1 The Framework of the retrieve-based dialogue method

Horpy FORBIF RN, R—MESEY, ha e g i 22 bl (1EH)),
1M Y_ o] DA BEL B AR RS2, s @l sl Y, 158]. matchy(Y, X)
FNT[2E ] B VCEC PR AL . 20T DA ISR BREOCK i At 2k R K :

L = —log Py(Y,|X),

exp {matchy(Y,, X)) (2.13)
exp {matchy(Y,, X)} + XX exp {matchy(Y!, X)}

Py(Y,|X) =

Huang %12 38t matchy(Y, X) W RAS A2 WIEZ H M (Shallow In-
teraction Network ) FIVRIZXZ H M 2% (Deep Interaction Network ) . ¥ 232 H. [/ 2% /2
FeE oM g E B0 X MRS Y ChEDE K A i, R Rl TR R AL
(AR, A, SO EAETRSE), BRI A KRR VLA . AL
2T, KEXHEMGHBEAMHLZHEMELZH X MY 528 —MaamaE, R5E
A RZIATARES . R E TR R A R @ AR TAE FE 2R RIE AL
R 2 120722 s o8 T A g T A T i ST o SOOI A < ) R
INe HTRIZAZH M A Gt R % SR AR, Sk Z IR AR VLRGSR, Rt
VR A H W 4B U T RIZACH 4 o SR PG 38 B I 4 TAE 227 g
TR AR B A A2 T 2% S A Bl A G B SO AR B . H TR
So U (IR P A L ) 2% R % P S AR L T S B 2 S5 A I I 58578 o dn BERT 28
il RoBERTa* &5, Fi| i Aim o 5 KRS AL, @ e KBaE R 145
RIS R AR B SCHRRE ). X — B ) IE S VLA Fr iR B . (AL, JE2RFaR
TAEZ RAE TN ZRAS T X35 (9] 52 ke R ER A 4 75 28 P01 2 o 3%
SRR S TR A2 SO ) B A L

212 BEFERBIHERERZ

TR EE AR 28 A A H J L 32 T R Ao 36 2R i, Hirp Seq2seq A5
73 NO-N34351 50 22 il g b3 26 JUAE 45 1 1 k. BT, —Sb/E el Bl
W& H 4B %e (Conditional Variation Auto-Encoder, CVAE) B4 1A= gl 0 %t
LM 2% (Generative Adversarial Network, GAN) 42431 w1 it Bl %% A e
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EFRR X Yi 1 softmax(W,S;)
A X : T
A s BN 5;
K_&/. M{

At

Pel 2-2 2T A i XA B 5 ikt i Rl
Figure 2-2 The Framework of the generated-based dialogue method

W N G, AR BOSCy T 3 e, BOIZR AE d Ae K
PR LN ZRERAG 15 KA SCAR TR 5 A RE T, 5 ZAE 0] 7k A 7l il e 2
R R R TERE . A2 A ALE 75 ] AR N

PY|X)= HP(YI-|Y<I-;X), (2.14)
i=1

Horb, Y BRI i A) 2 A i RIS 41 . AE i-th RN, AR 7338
MR PV 1Y 3 X)) BEAT RAATEN M S50 & AN BT o ik As RO 28 a0 5 2R 1 20 2
-5 %s (Encoder-Decoder) 4544, & 2-2F 7R 1 3T A iU @A T VA 1Y
ke, BIC, B aRRER ARG B30 X R E K ATE &, B

X = Encoder(X). (2.15)
BEFS , fRRSER U HE A IR 2P RS i S,
S; = Decoder(S;_;, [Att(X;S,_1); Y;_1 D, (2.16)

ot Ate(Xs D;_y) 2 il — B HARZS D,y XA ) BelE AT S SRR #R PR 4
Ho Yooy NET—I 2 SAIATE Yoy B RN . fRT . BURAREE o SR R A
PAF— AR Y, BRI

Y, ~ softmax(W,S,), (2.17)

Hoh W, R as A AR RS, softmax(-) iy Softmax JH({i bR %L .

LT AR AR ) EE A BT R IR R 22 M 45 4544 (Recurrent Neural
Network, RNN) 1 fg3EK 45 1HE 12 M %% (Long Short-Term Memory, LSTM ) P91
FI 0GR B0 (Gated Recurrent Unit, GRU)PY, 2015 4F, Bahdanau 252! 1k
PE BT RNN [ Seq2seq #44. & Seftm Af) 1A 2 )2 RNN() #4740,
BB ERR, REMH 75— RNN SRR, fsnE
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VB SR A T RSO 5 A AR T

bt KA B ARE 501 AR R . e A2 B H Fr/a) 70— N RlE R, AR
B WU e XS A ) TR ) R R AEMR A . B, Sordoni 453
1 Shang 45 1OV IF 46055k — B T 28 A, 2B T RN AR A . SR
FT RNN 451411 Seq2Seq #5281 L R AT IR 4549, MEDUR T AU e
iRl

W% Transformer®* ZEfg i E, & FABHET B IEE SWLHIA SR
SR ZEA O A SO A BRTIAS 2 T N WA AR B AR . %
RS T N AR G an AR AR AL . X T 4miaai ki, M3yl
%233 & J7 (Multi-Head Attention) T2 F1HI B & M 2% (Feed Forward) 121
W, TEZIEEHT T (Add) MZIERAL (Norm) #4E. X TARides, Hk
REEH S g AR RFE A, HEEZLER I FE2Mul &M %122 [[5]
AT HT 5w T3 B i as- g 2 ki 2. ElgadiEd,
TR IS AR E R, MmN 2k BRI P20 H#EER (Masked
Multi-Head Attention) . A5 RNN Hdg—AHif [A] 25 g 45 A0 38T 1 sk B[] 25 1) 7Y
%%, Transformer FHATHME S ETCEIRIETFEE, FIIERMATIIA T A E
4wh (Positional Encoding) FFRAMX—HEFE .

Transformer SCRFFFATYIZRAG R A R AUB I SRABL 2L A0 H BRER (L T 2842 52
B, WG T AR 25 X 15 A AT 45 ok TR R MR . X R 2B B
=, el AR R T Encoder 45T 4G 5 Fom i (il 4 BERT
RoBERTa™! | XLNet™! 45) | f#fith i o] DAJZ 5T Decoder S4H4 i 1 U1 2515 = 45
R (40 GPT R FRIRI07) O Hoeh | gyt g al DABR G, B3R T WO 45
TR TOE A B, BEAh, I8 DAFI T Encoder-Decoder 4544 11 TR Il A5
BTG A, 4% TSP BARTDON 25 F1] FH T oAb 2RO A Al 32 5 5R
MR TNt e, BRI SN ZRR i) 285000 b A A O 5
R SEL, SREFEA XS DI 2Bkt Bzl . Sl 2B KRB
I B A AT S SR T R0 B R SCEARRE I M SCAR A BLRE Ty, L
bl B A R SO B AT SR AR T BN W R AR . B T AR B S RO
Bk MO, R &R S HFHE T 2 1) GPU AR A Sieig s . A
i, #ibeE>) (Prompt Learning) O B, 1R 7B B0 AR 200 7 78
2o WIMREFE ST B FEXT i A SOAAE B R AR A T AL B, 1T 55 A R —
ANRENE 78 R TN 508 S BB R TE 2 . AERE AR AT 45, it 2 > Wl
I AR e RO BTSRRI B4, ZAR Tl 52 A ) o &

22 MAXIfE

TEIC 5 ) — KA OB SRVERE B3SO S MR FEAR R In A2 . [H I, B
T TIOR3 R G R B AR AR A AR T B TE SCREE 2R IR REAI
W ESCRRFF B0 IS . H R TR TG A O g i - T g A A d R AL
PRBAPRATIEAR 0 D7 WL R P A 2 R R S R i RN, R
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FRRL A RF R 5 0 SR RS R H B S . DL B IR S H s S B R
TR O FF R AR (R R R ), DRI - AR e 2 A A AR 2R W DA
AFEEERE o (BT 5N, W F G B30, AR A B A
— M ANEAFEE NS AEA RIS . X ARE SO 57 HA 2RI — X %
e R ERFALGE 1A i B - AP 5 R 2R DA S PR3 R 5, AT 7 2 A PR HL
F_ESCORFF— B el 52 . 2RI, B R SR Z R Al 5, fiin 3k
ARGE. " XA A BCE A SRR EE R AN, B
s B, RN S R XRREIRE, HALHEE L
N OCERECE F IR R B ESCRFR T8 T A RGE SRR 2R H A SRR
PREF 2, HEia AR EEMEE . B R =I5 A Tt .

221 HEEHIEEE

Yo o B ) I IS 3 A A 2R 5 R MU i i, PRt B sl ey 3
HZ R IEREAZ S TRZHIFEN G K. BEoh, 5 BRI UL 5 A
JAN T EL R ARG I A2, i A AR 2R AT SO RN T 0} P A 2R
A, N TSNS . EIAIER HscR s . I, Al A 2R ] 52
ORI 5k AE RS i ) BRSO TR B B2, e D
HEEHEFEWREEE, WA IZIEE A1 4 B AL 5 T[] 52 A5 i i (7]
FERMROITEMERI T 1] o 45T BIRATHA N2 _Ead =07 [ e 1A%

Blnd 5 UIZXHE R G THREE R & i R AR A . R EdE e —
X ESCARZ AR . Bk, — g s ESCRT AR IR Z AN TF /A
(RIS, AH ] AR BE ) ] 52 PT AR AR 2 AN ) 2k e AT N U B fvss Jox
EHARFEIFES) . BRI R 2 M reX — M@ B, B aigdEg et ih) iz
FATEARR ERE S BT S5 b, CAVFESBIE T T 4R o0 Yegriicaxt
TEA B, L R AR i 3k T R B S I B AR BT A
X T T B e SO sl BT e B 053k O S g . Du
25 VST 38 3 B 001 20 ot g o SR X e AT 45 i Bt . Niw 51000 s 0y
—RYAEGONM IS EAE, Wt is X Fam ) A R Ak n B4 T4
PEsan . i, Cai 18 ikt T — R TRIEG IR TG B B oy
e, A SR R T A O s e ke s, Xie 410V R —Fl T 4]
PRI DR ¥, i R S AR R S R AR AR S TR AR
Peah Haok TR RBTE B H, MERAY S 8 SCF & 2 FER R A -

JE ok, B T AR A A A A A st . 0T Li 257 A A A 4y
H 2wt %% (Conditional Variational Auto-Encoder, CVAE) {4 igs L= EH L
R . BEE ISR 240, ST HE 2 TAED 700 Fil I R MR )1 b 20 o
PG . Chang 251731 il Yang 60740 Seqa i) I 01 2105 = #6280 GPT-2001 A i
W SCAREA . Schick 251751 SR R I HI 2515 7 B8 GPT-XL A8 Ak Wiy
FEAS o X 2E AR B SR RS I 28R R Il el S8, AR a4 Rk E3C

13



VB SR A T RSO 5 A AR T

MERBORRIBERIR A, BRRFE R — RIS, B, Wang 5751 7
b A LB I BB 65 7 GPT-3157) ¢ Ot 0T A R
LRI 1R 30 (In-Context Learning) 2 4 MG AR , 41
B A TIER.

B # I gnn R A2 B o 5 A BUBLAY AT DA R 4 A 2 TR R =
PRI T A X i e U700 S sy vkl R N PR Be e . e — I BE
o IR P 28 ARG _E SO SE SO S R 2R R A 56 S ] 42 1801,
FEAS T B, X M 9 14 18] 52 W T BB A s 812 . Song 2181 fi
FABNA R 2 R AL R B Bl ST B 6, FEAEMRAD B S ML B2 Fings
DAL (CopyNet) B30 A= iyl 5 . 24{pi, Pandey %:18 5% 4fi i TF-IDF
BT YN B R =AU . KR BN B AE RS RO, fRRS AR X
SRR AE B 15 oAb, Wu 25 0T R RESE MRt A 2 A (XS
SR e AR AR LS bR SCRI 24 B R SC2 18] 1 25 S5 g AR A A R 1R A2 . % T
VERIBIHL A 2R B AR [0 52 A 2R R T — D RAFRIEE 5, BB IR,
HAESFEENEE, FIgmE R AT 2 MR 2R 1 = A AH S TR B
PE—#, Zhang %151 T FhXIPELE ST HESGL, BUH i 258 SRR
G HEF A s AHE S 2 A . 2B T a5 il 9 A i A R HE 4 o
GOIEI =T ] 2 RO Bl Y = 2N U S v = LA R oW R i p =N O T =B i
J5i, Cai 1801480 T — AN HESE, & ilad “H %2 [n] 5 (Skeleton-to-Response)”
PR R RS R . B, MRZRXTTE SRR 2L, SR a5 AR R di X
W SO T e . I H. Cai 2B ORI IR BUE 2L, AR A
b A R A5 R G 5 01 5 AR AT B P . i ARG T — g B iy e
20, FA B JR R E AT AR R VT RO SE A, B 4 A T 5 A ) B
IR A RS 5E o

Bt 1o B Pt 35 o b SO 2 () AR AT 2R — X et 52 R
QAT AR 37 RS B A 1 R B X R R T b X T R, 2
— AN SR . AN A R H Rl S R — A TR
bR S2hi b, FREMRRIEEANS 5ES SR, KT TR oSG
ARG SR AT LI TR 00 T 5 R A 12 3 A L
Serban 4 881 5 4y fift 1 2 200 il - R R B 435 M BRSPS 0 RS L. %
SR A RNN SR A B 3R, SRJ5 TR —4> RNN i i5 15 R 15
BRI F R 1), %007 o U B B Ay T e, PRI R R T i
AR M . Xing 45130 g LDA $RIRCEEUR], K0 253 4 3] 320Uk
SRASTR e, 2R R S I £ 5 O b SR R R A TR o [ R A R £
A BB I AE T AR R AT 55 270, e4h,  Chen 280891 by g 17— ANFRRCE %
5 258 Gunrock, AR NBEALA B0 SCAR T BT R 4, KGR
S AT o AT DA A FRUE R o ) D 3 R 20 B S A X 37 2 T A S
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TAE, EE TR RS SRR, 2w A5 P, 4]
TP, e A58 0H, AR A e 3 4

FF R X7 1 s eFOE 9 R A A, L ) R A R AR L
%o B, FERBEAA BRI, AR R — MR
AWFFMER . Zhang 2694 3248 7 & b Sc B i RS B, HAT
TR R i R RS 6 B R S R PR A A 96 R ke
Bl RT3 2 AL R 1 SR B B A A W 251990 1 Wu 26960 g Tfferpr, 2565
K7 Y S MR A% 56 22 T REANE AR SR 1 S AR A R, T
SAFFE TAE 2 RTE S BOe AR R 8, A B R R
KR, XuZOT SRR S HE R ST B R, H2 S BT R
XHE S, BEJE, Zou 4518 $5 Al — AT RE A 5 2 AN X iR, BRHIZ T AR
H B SR e R R RS o R TR, AR ST A I FOE A T2 BRI
Fe iRl A A

222 EEREEIRT

N TR A E AR H BRI BSOS Il i, AR E AL S
() Seq2seq AALELA_E ARG R s (B0, BONYRAEE) IR
BWZIREES), BTEMUIT O X2 WL . tesh, BEE T
SR KR, BEFEE NI AR B SRR 2 IO T A g p e v 9
BRSNS — e REJE b G e B iy 1), I HRA I FH R 3R e )
X IE SR TP G — X 2 K R T E BT L, i it— 2R T
PSRBT B OO AR AR A, K Tl S A plry i . o 1 bk T
A — 8 TARE i BT HE e B i 1 ] S BT S AL PR, DARR BR [0 52 21 S
B2, HF BRI BSOS — 2. BT ORIRA TR 4 P IR R g5 . T iz
FIl S HE Y = A7 AR 5 TAE

PRI AR T FOR R A TE S A R R ), - Se s D
TS| A BaAs B 2R A R BE 7, AR 142 A kA I RE 7. Zhao 45141
P T CVAE H XA AL, FRE AR AR IE A4, AT i SRAEAS 21 AN ]
(1 s L 2 A N S BR8] 52 o 53 41, Serban 25 181 47 75 )2 20 45 A 25 -
a7 (Hierarchical Recurrent Encoder-Decoder, HRED) 5| A faAs g, HIZAR 4y
S22 S i - R A AR B ASL A (Variational Hierarchical Recurrent Encoder-Decoder,
VHRED). Chen %1991 gE—1 Fi| T2 9 28 o) s B BEAT A7 A, SRR a2
9 244 () VE TR S5 SR T I 52 . Park 2511900 VHRED B3 k45| A T4
PR AR 5, T ARG 5 S PR ) 6D, 5 B G b ORI 8] 5 RN
SOt ER IR R R A R, AT R AR . Zhao 45140
il Gao 25 HOU (i iy B OB Bt i, 0 T RV RSO I TR . R FI T
SO [ 52 VB E S [ AR A e, A R e DA AT . 2 s L A
BT AT R . Gao 45 10N i A 2 AN ) B o B3R A 22 [/ 4 A
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B, PR THERI Z R Gu S VO 4R BRI IR A s o i R £l s bl
i, T AR X WU R Zo i 2 RE A . Zhou U1 I Zhou
AU AR A AE — SR I S AL, B WL AR AT DAA A AR 130
SR I A o X 28 [l S AL oo R i, T A A AN TR 1 [l A2 AL
i, AT S B AT [ 5 A

BRSBTS Bl PO 2B G D40, 268 R 2 HO0E A B B 16 R i 7
YRR Bl (4 BERT P8 BEAY) (B4 451 LSTMPY) 5% Transformer>
BERSRE R ARG B SCRoR, BUE R I ZRE SR8 (BN GPT &A1
R ES-305T1) w1311 5 ) e PR R 2R (50 TS OB ) Eeq g HEmbASs
T, SR I AR 54 ST I SRS R B TT . Zhang 25171 Fi Wolf 4511051 5
TTEA R AR 2 AR E R GPT-25) Biap | FERHE AR AT 45 - #RBUS
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K (B, KRB SIEZHA, 4 BERT) . Li 2000 2 g iR K A5
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|6]42 . Fang 21231 S0 7 0 P AR £ SRS 728 3 7 e T HE 7 DA AR A
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52, Welleck 21251 1 Song 2511200 35 My AL SC 1 — B i, JF
FH X SOER AN ZokH B A A A Y o e 2ol R DB 20 25 A [l 58 R4 T — B3 T
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23 iEHEAE
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Xl RGN E], EEA TR Fatn , 10055 58 R 5T 45 58 i 7R 2
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23.1 Bzhitfh
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PRRIEET BT AR e Forpr, SEF R0 B b e P e S 2R 25 A A ]
S, TR TR A b U2 i R s A R R N A5 3

IR PESfebs F0, A SRR BRI B T AL PR AR

o XF MRV, R HEAR A E T n-gram H & FH) BLEU R&54515,
3% BLEU!'”) | METEOR ") 1 ROUGE!"3! | A J B4l A I 105 SCAH 2
3585, %5 Embedding Average. Greedy Matching {1 Vector Extrema.

BLEU M T PPAl AR Ll 52 5 2% [0 52 n-gram ARG, HAATTHE T
e

N
BLEU = W, exp (Z W, log P,), (2.31)
i=1

Hor Wy, ZOR KIERETT T (Brevity Penalty), I TSI AR, 1A

AN
1, i1 > 1,
W, = I . (2.32)
b exp(1 - -0, ifl] <
r

r="r

I, Fm R E, | ASFHRRERKE. W, FrERE, BIARHY
S, B W, = <, N LN 4. B, FRIBIEIEHY n-gram FOHERGR, 115
NH
ZiEn_gmm min(h;(r"), max(h,(r)))
P, = , (2.33)
Zien—gram(hi(r/))

Hdr by (r') Fon i FEA RIS P R BRAIREL, T hy(r) R i FER S5 R BT
¥ METEOR #1 ROUGE #t—#:4f BLEU [ [ SLpG 3470t | Hirf METEOR
R ia] AR SR G R B, 1 ROUGE NI E T n-gram 4 [FPRAS 2 M
i BN DA R s N L i P O il Y KR SR R = W N B SN O 1 -~
T BLEU RZAHr15 0 T A —E R g%, PR ailau s bl ik
A PR

R, Liv Z 2030 T BT A R RS R, BT el 2 5
27 [ &2 [R5 SCRRURE . v, Embedding Average Rf [ 52 H g™ BLIH] w 11915
6] 5 e, SKOPIIRAE N IS BOARAE . AR ) ] 52 RN 5% 0] 2 A RFAE 1 3 5% AT
U, R AT

Average(r',r) = cos (e, e,), (2.34)
e
e, = m, (2.35)
I ZwEr ewl

Greedy Matching =44 Hf 15 1% 12 DA — A0 i, i
FIARRLEE U A ) BE s, A AT
G, r)+G(r,r")

Greedy(r',r) = 5

(2.36)
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> ey MaX,,c, cosine-similarity(e;,, e,,)
7

HI T IEECeR AL GO 2AEXARR), WIKTREWE » 5 r 2, Afor 5 ZEH)

F-¥I{E. Vector Extrema i [i] 5 Hh B ] 3r] ] i A B — 4R BE SR UK (/) (EAE R

[ 52 ) R B 4R PE R, SRS TR TR RS2 AR, AT

Extrema(r’, r) = cos(e,, e,), (2.38)

G(r',r) = (2.37)

maxe,,, ife,; > |mine,,,|
wer w'er
e,y = (2.39)

b
mine 1fe < mine ’
cr wd» wd = |w’€r w dl

Hrr ey il A & e, 55 d 4ERMH, max FoRUNARZYEE i RIM U 48
MHER TR IEAE, WYk 8 m R 7 fE .

o XTLHEME, BT HIRHEHR EEHT n-gram 1155, 35 Distinct #5450,
Shannon Entropy #645133, PLK Self-BLEU F5#5:!'341, Distinct $§¥53 184 [\ )
n-gram i (5 A n-gram ZCE LG, HERAT RGN ZHNE, nlE R E N
1 2. VRARARRT AR WL A AT DA 2 L SS9 DA
FHY L, Distinct $545 AT PARE 40434 Intra-Distinct A Inter-Distinct #5475 . 11875 2
LU

count(distinct;c g/ (7))

Intra-Distinct = - (2.310)
count(all;c g/ (7))
Hrp R FoRA I v il S e n-gram G . 5B,
count(distinct;c g/ (7))
Inter-Distinct = al (2.311)

count(all;¢ R, ()

Hrp Ry FoRsIR 2 EXE B3, AR N RS A v e S T n-gram |
4 . Entropy fEbR[RIFE A RM BRZUN 2 FEE . A8 hn SO T AL il 52 i 4 5
n-gram J3A I SRR RE o FRVREELBOR , R MU Il 52 Z e ir . HOt A
B2 v/ (1 | Freg()
> Freq(i) I,EZR, log > Freq(i)’ (2.312)
Hop RT NS AW v W RTA n-gram (Y54, Freq() /R n-gram i H
Wi, Self-BLEU $8AR i3 T 45 & W& b SCH— A2 i Bl S A% T 55 — AR A el
2 (MARS%ZNE) 1) BLEU 5340 #m Y Self-BLEU FRH] > AE 1 0] 52 [a] 8
T PR REACL PR FTBRAR Y 2 A

o XfTuMANE, WHRTRR R MR (Perplexity, PPL). [RRGJEM & T4l
FREAGBIRI G, 4R 26 A FIEENA Jifebr. HitE =0
T

Entropy = —

!/ 1
i=1 ("t | rgs iy

Horp 1L FORERUEISE v BRIE, v} ZORARIRISZ 5 § A~ B

|z
PPL(+) = "\JHP 1 — (2.313)
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EANRBE 5S2HEE 2 MES L, fGFEH TSRS S H AR
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BERT H(ft RUBER #5475 H1[1) RNN ¥75, 5T BERT-RUBER, Lan %1381 gi1p
PONE, ‘& fifi H3f 50 ) IEFEAS AT M B9 AR 2P0 858, 2 )5, Sinha
211391 gt MAUDE, & i M A 46 oA (Noise Contrastive Estimation, NCE)
TEBAT ISR, E— R AR M A ) A — St . b 4h Huang 2511401 41
i GRADE $815, % Fahmi A4 EE % [y s 1 B 27 ok @t 37k b 1375 B 8l A5
e, PAVPAGRHEEIE S . PredictiveEngage $8ARE AN | A T — N iE 1L A,
Bl h s, RIS RE RS HA HAE S) . Mehri 21142 3241 FED 547, 243
T XHEI 257 DialoGPT PG XHE L& T . Rt 4h, Li 4198
$Eih FlowScore $845, Z$5 45 A HXHE I 2545180 DialogueFlow 3422 H 2 A
HLGHE B . Zhang %131 21 DynaBval $845, %A5AR AT ASEFT [ &% 4
JR ) A T, I RS AT AN S A I AL . Jiang 2514 4R
AR . ST . RIS IM?, ARG S TR AR
VAR B e UL 6 A 28 A Il 2 i

232 NI

H T I OO G B A ) R A AR L, N VAt TE 2 A T 3o
NGRR3R A B A N RIS T SR A R bR, AR
PR 3 T A R VAL UL A RIPAL 78 00 A PP AL AR Bl A m B . PPAL T R
Gy R X ERASBISEAT 43038 s PRl (Point-wise Evaluation) , DA K [9] 52 P %
HBE i O PEA  (Pair-wise Evaluation) o

T2 VAT, A [ S AR ek St PR VAR N B3 ATV P01 0 )
Bl N A T8 SRR BRI 4ERE , AR PR R o« 2Bk TG, PP E D]
Al PACEANT

o Uitk WIS, AN, T EHEERED:
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o i [ S LN AERDNE SO T B E XN EEAME BTG -
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EAERPAGEER . (EAE R, AP TARE S SRR TAEM B R 52
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I RO < rp, ey >0 FIBSPEAAEL, AL N URIRAR PG 100 SR PEA 4
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7 FE T HIFEAS Y 5 AR IR A R

N TIPSR ) 1) A2 TR B AR R 2 WG N . H B3 B0R A
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— IR PR ARG BE T EERIERE R BEPPANTOR, SLt
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BIE ETEUEENMERIEEREE

3.1 5§

TENITE P, ANFEPANLS AN FE SRS, B AATE 5 2 1 5]
ARV RS SO o PRI, 4 R 2R e el A g A b S5 224 1 el A2 () )
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SCMTE S WL B 2 AN FE R IR R R . BUE RS A RAR ORI
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FERF, TRRCEE AR5 _E 305 2 A2 1) BAT 2 OB A
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7 WUk (221030 e R R A S S B B R R S AR 1 v [ R
fiig g 381001001990 i b e ST WS B A0 A, Fe 8 A _E SRR [ (G (i B T 2%
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2 3-1 X G2 Bl UG FRon il

Table 3-1 An example showing hierarchical semantic mapping of dialogues

it i 30 WA R

1 =200 0 T i 1 0 ST 7/ S =9 YL g

M 1-2: FRARH, H2—E AN,

M4 1-3: R ER S R K RO R A 47

B 2-1: BHEXfICE, Tl SEmE.

|52 2-2: AR AR 2, WAk a0 “Mignf” .

|42 2-3: [fantt, FREEAA R I B R AT, FRAEAH.,
B 3-1: FoEWARKS:, B IREA TGS .

& 3-2: AT 100 5 T, FRED 2B, SRR ARERE!

M& 3-3: JiERAEEEMNEETAE T RHZ%ZT, BAETCREHL T .

PE AR 1A . (H B A L TR B, AL s R G0 SO AR 1 fE
Jie B, —LeB TAEFF IR G Z AR B i VO 10T )k 2 B As L)
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R ST G Z LAY B AT A A0 e ) SRR AT R A RERY , X5
HRAE R ER G FRRGWE R . AR REAFRRAEE, RIdm
[ A SORMUMEZEA AN R Y 1] 52

R, A i s S OO 12 S0 SO G 2R 25 S b B AR 37
BRSO, ATTA SCE TR SCE AR IR A . A EE T AT A A R 3
Wi o R, BT IAZ AR EDLS . BT, 2 RAERYLH R NEG &
FRADRARL . 5 BRI B b, AR 2R R R RARMEE, &4
RAFEAN [ 1 e A e BRIV AT 2R AN [ SR [R5 o Sl 5 EEAE I GRS 2Rt o fR]—A
Xt b SCHYAS [T SCA [ 52 30k B A Rl ) B A b SR, A 1Y TARAEST
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FHRIEETE SO, 32 KR T NZR e o vl SOLamd o] 52 J ok B2 S TG 4 00
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TR =P (1) PRAERTAE AN ] 152 A4 SO TR 5 AT N RESR 0L e BH A=
75 (2) PRAEA T N RE S A R A A B ——X5% 5 (3) PRUEBILAENS 2L AL
ANFITE SCA R A
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MTET , SR 5 AR RS B F R RASEE RN RI AR . B T AL e RS
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H R IS A AT 55 1) 3 L, PARARTT AR Bl DialogWAE; 25 3.575 11
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3.3 HEXIME
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ZRA AU AR TGS T H AT ZRErEny s 1 B, 5IAZRAZRIL
i, im0 R s B U0 A s s AT A [ 42 5 ]
LR IS . R TR 0 3 3R R 2SR SEAR, WL ok 56
ERFIE_ESCHIAN R T SCRRr H = A AN R IR 5 . A TARE N Zhad RE v, (Y
A3 S AR B A AN (] 8] 52 el 0 5 (A B A oo AR TR 1R R 3 37
S Z AN, ORI RSO DARFAN [R] 14 [ 52 IRk 20 A [] ) e A
o SR B I R A I BITE SCAT X B A R A o e AR FEA
] B A B, e DAZE IS SOR R 152 o A, ASWFTEAE A o B e A
AT, AR [ T R 1 SRR A S WU B A M Al e S i A b, KB T
AN [ I SR BN [l B AR B X —H Ar. [F, FEIZRd R rh oI AT o S B4
ReRE, AR [A] A B (B Y B B R AT R . IR ORIE T B & RS [ e
I, REAS B4y 1 A BN [T SCRY Tl 42

WK SRR RIASH ST AR LB U T A2 Gao %O 9 TAE, L TAEA
AN [ SCR 3 ) S R A A PR BB B TR, DAORSSR KRR BT SCHE B Iy
I, AT AR [RDRE_ESCHYA ][] 52 5 AN [ i B B —— X 5%, R Ia ok
A A T R B B R AR, DABSRIZ TR AR

34 HRAA

L5500 MR RGN E L F SR . 5 B BRI B4k
HORRIIAL . B, AT BAERE, DA x = (x)Y,, W5 RG2S
AL Y (ORI Py |x)e BB b 0T DAE LR ML F 45525

N .
L=- Z,-=1 log Py(y'|x"). (3.41)

ALy O GRSES BT x Ry RESHOCARR P, A AN H 8] Y B
WA R ARITARZ . MR, BN IA T — N ESR RAS R z {Fh W) 2 M g
T PRI ¢ R . (L, IS T AR R — PP R, E e MR ZsTa]
Z BRI Py(z]x) HFRFERAL B z, SRIGOE Py(ylz) MRS z I y. BT
(73 KU TP =RE VAU S

Py(y|x) = / P(y|x, z)P(z|x)d,. (3.42)

SR, G R B EAR AR 3, AR XETT R z i & A . MIL, ATRAKF z 1)
JER TN Qy(zlx, y), ARG EE 4 M It (R RUE S,
[\ 5 A A 2 m] DASE AL B S HAIEYE R AL (Evidence Lower Bound, ELBO):
log Fy(y1x) = log | POlx.2)P(alxd,
z (3.43)
2 L(x,y) = Ez 0, (z/x.y)l0g P, (¥|x, 2) = KL(Qy(2|x, y))I [ P(z]X)],
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CcrmmAEE. - mj
i H e %Eﬁmzﬁt i z
DTk TRMBARAE A 5
LR L -, e Wi(allp) -
e [ R R e b
Lo REmAR, & k B
L RBCAAERTE o H ¥ SR ; ;
z , 1 X O Rl | gg ez ) —
i : 3 Gz |19z
S Lo
: B X1 D> R {Uk—ll} Zk—1
i Y 3 ;
§ : Xt JEE % {5:111} Zk+1
L TKCBRRXRMXE. B : . ; I
BRSO Py W= K
| : KOs s | |
Lo, ZIEX H - .
: ESHRER P RO B0 R Y i T N T E—

¢l 3-1 MS-WAE 754 40 2 P
Figure 3-1 The overall architecture of MS-WAE

Hrpr, P(zlx) FonaiE x 1Y z WG, B R DA G0 28 W 28 ok A
&5 R 54078 4 H 9w fid#§  (Conditional Variational Auto-Encoder, CVAE) %
T R A i z RN TRT B SE e a1, BIANIEZS /3. SR, FSEmIE
WHEAS AR, MERA X AR AT SR o A - T Al . IeAh, 1448 CVAE BB
R KL 8 @ el Al S5 I BE B . RTS8l S 3o i B &
i, KL HUE AT, 5 KL A5, SR Oyzlx, y) &
BRI —FE Py(zlx) MIES/ . XS S8 JRmyms 1 el

%f i Wasserstein [ 43y  FHH &5 CVAE BB X Wasserstein H 4 i a3
(Dialogue Wasserstein Auto-Encoder, DialogWAE) ¥ il Wasserstein [ 251815
B o ARG I A RE R o KA B AR A 20 11 A B R ) A L R LY
I, REMSAR GF ok S IR BRI 8. I H CVAE Ay 82451 Qy(z)x, y) #AN P,
PLic, {H DialogWAE @4t Q, #l P, VLlit, AHYTT80F TXF Qp(z]x, y) LR, —
ERRE A B TR G IRSHR 8. BeAh, AT X E L R S AR Ak R
[, DialogWAE 5| A £ a7z & ok B A @B s A Je v e =S | . Aokt
IR A=Ak A 2 e
DialogWAE jifl it 7E T AE 25 1] N Il 25 GAN SEXT RS B /- M b T s, ARG
o1 FH A 22 0 2856 6 3 4 11 R i B 40 110 1) R B AT R AR . LRI, Jelm RA:
YESRIER T, KL U T 0, 2 J5 CVAE M%) Decoder £x Z 4 Encoder 7 ¥ J5 343 11 T
SUNSEE AR, ATTAE CVAE W48 %00, X th BE T S S i) IF) . 32 Jak o e ) — A St P

AR SCAE R A Y 25 A8 23 F it (CVAE) S5 & S EU BB . RIGEA — SRR
IGRIERHA 24 ARG ESCRAERS, AR A B AR .
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z ~ Py(z|x) f1—AJcsaM 24, B

K
P(Z|x) = ) v N (Elfiy. 60, (3.44)
k=1

e
i
O
x RFEXHE LR, y REXERE . v FoRToafifends, @ Gumbel-
Softmax BESEALF AR RFEXS v )—DSLBIRTTE
exp((é; + &)/t)

YK exp(@ + g)it)

Hrb g; #UR Gumbel Bips . JSIRFEA z ~ Qy(zlx, y) HEHR M4 g, 4200, D

=W, fo(x) + by. (3.45)

(3.46)

[g ] = W, (Ix, y]) + b, (3.47)
Zz=u+oxe,e~N(QO,NI). (3.48)

Xt Wasserstein H 4 fas 19125 HARZEL T CVAE illZk AR, Bl ME
SRR Z B2, HoRA z A WE RRPBARE, s fon

£(x,©) = —Ey 1501029, (X]2.0) + W(agy@Ix, OlIpg(zle).  (3.49)

3.5 %iEN Wasserstein H 45l eE

AR qnAe] S eCEARON I _E SO 2 A 8] 52 (Rl 2 G0E SO 5 &R, AT
AR X2 FERIE [R5 . 5, S TS B T AT AR e A B SO T £ B R
WSS, A5 T 218 XNl K25 (Muti-Semantic Response Retrieval
MSRR) REASXIE ESC 2R R KRR, BAN R ERA R R BiE X
OUTHT o YR, ASHFFERHE T X% Wasserstein H #ifd#s (DialogWAE) 42 T2
15 X Wasserstein H £ (Multi-Semantic Wasserstein Auto-Encoder, MS-WAE ),
T RE RS R [ 5 SR [R] Y B AR BN 5%, o LA ) e A% 8 R] A o S B o 5K
AR BGE SOR R[] 52 . [ 3-1 FIAEYE 1 7R T 218 X Wasserstein [ 4 #5317
AR IR R

351 ZEBEXEEWER

eI A 3-2 R BIANIESR 1 i R (7 1-3) kil
A A IRt a5 B3O 2 A R LR RS . il AR fR AR
=AW RS RS ESCy R A . 2) i PSR o
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Post: Smoking is harmful for your health.

BM25 |
ﬁ Sure \ / Response CN / Response R
2. Check out this article. It 1. What in your opinion ~ 0.777 1. What in your opinion 3
says smoking can lead can be done to stop can be done to stop
to lung cancer. smoking? smoking?
3. Butfthe teais good and 2. Check out this article.  0.768 2. Check out this article. 0
well prepared, it will to . ;
It says smoking can It says smoking can
much good. lead to lung cancer lead to lung cancer.
4. What in your opinion can ’ .
be done to stop smoking? ™ 4. Non-smoking. 0.740 —» 4.Non-smoking. 3
: coherence i X W\ean& . .
8. | intaining th 9. But junk food is so 0.679 - But junk food is so 1
- am maintaining the easy. It requires no easy. It requires no
building. IYOU are way siiverware or plates. no siverware or plates, no
too picky! . rigid mealtimes, no rigid mealtimes, no
’ . leases and thank you.
10.Thank. Cheers. pleases and thank you P . y
: 14. Oh, so organic 0.643 14. Oh, so organic 0
30.Well, this is going to be a vegetables are the vegetoble; are the
very expensive broken green option, right? green option, right?
Kleg, Mr. Taylor. / \Q Thanks. Cheers. o.mj Q Thanks. Cheers. y
(a) (o) (c)

Pel 3-2 Zif SLINISE RS ol

Figure 3-2 An example showing multi-semantic response retrieving

JES R BSOS TR IS . 3) IS BB AN [R]E CH & i
O] =2

FEI GRS 20X — 2B, BT E@mxtin B30, ARpFsiiEid BM25
FER R B 5 JrUa et _E SO X35 B3, JE3X 2Ll b SO [l 52 4 2 24 i
XIE BRI S ey (SA TR RIAT 2-2) . BT RYIRBOR , AR L3 Al
SR ATREAN IS, Al 3-2 WY (a) T BN, AEX 2, PG T M =30
AR A . IR, RIS AR AT, RIS b SO = 1 SGE BT
N 3-2 w1 (a) FRATIIEISE 3 8 i . FEIE XGOS X — 0, A5
ARIZHIEE SR R Ak 0] 5255004k _ESCIRI A B . IRLE, ASWFFE A AR B
XM AT, I B IR T BE « = 0.1 )yl (3K 1 Pt
2). BMRYL, TEVTEARTIMMUEEN , %07 v Il A 1] B A2
EAERNA TR, Hh MA@ X W ) TF-IDF {5, Pagi Rk 3-2(b)
Fise N1 =B e R AW SO, AREFETIA T IR — PR,
ARAYE, HE—2B 0l K-Means A0 Xt h i il ST A TER S, B
Loy AR — 2 rh i B MR o 1 8 52 A R 2 (0 2008 SO s (B9 1 v
47 3-3).

AR T IR I GRS S 2 A1 SO T Y
152, ANk 3-2(c) s, AREZLRY IR T e 2 TRy A R e

352 EIE4EMERLE

&l 3-1 (A M A SRR 2 O ASAAEZE , [RIIA9A 1PPAR 4- 13 frtiid
AR BRI GRd R A BUAL E T X 3E Wasserstein BE2UT0F, #E4T TP
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B9k 1 218 Y Wasserstein H il 4y

Input: Y|Z4E D = {< x,y >}IPl, M
B{H, K RIS

D=1{}
for x € Ddo

$fre REW K £

A

coherence(r, x)} U {y}
D=Du<x,R>

I
(SR/IVA

R RIS LE, © SRR

R, nerige PR R AN ZRIEL

WA M S x ARG ESCEES P
R = {P W X i b SO MY [E] 42 )
R = (¥ T A& Wr € R, s.t.coherence(r, x) > 7}

Initialize {gEnc’ 0Post-net’ ePrior-neU gDisc’ 9Dec}

for t < max-step do

for y, € R do

HDisc = HDisc —Irx

forz,ke{0,....,K}d

gPost-net = gPost-net -

fori < n;. do

Repeat 5

A

for x, € Rdo
Repeat 6-6

9Disc = eDisc -

Oprior-net = Oprior-net — I7 *

Opost-net = Opostnet + 11 *

J
Hnet = Hnet - lr *k Wﬁ

x = Enc(x), y, = Enc(y;)
MG 45 Post-net(yy, x) SRFE 2,
MICEE W 2% Prior-net(x, K + 1, k) HRAEE Z

rec?
net

M D HRAE N AFEA {< ¢, R >}V

—L
aePrior—net
—L
aef’ost—net
s.t.net € {Enc, Prior-net, Post-net, Dec}

0
ﬁdisc

0 9Disc

(1)
Ir

0
Ir x ——
agDisc

J
* —
aePost—net

Edl’sc

Esd

disc

disc

R = W TAEMr € Cluster,,s.tVr; € Cluster,, coherence(r;,x) <
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AR, ARG S M 2 MU B8 I 2 e, DA IRt AR R B it . R R
AN A o AT

el BB  JSROREE 2 ~ Qy(zilye, x) TR EE M L4, Bl

[“"] = Wgy([ye. X)) + b, (3.51)
Oy
Zy = pp +opxe,e ~N(O,I), (3.52)

Hrr g, WHIb ZHINZESEL, g,() REIBHFHAEMES . i, x 70 3IZR 5 3
[ 52 R AR5 L3, EATRRE hidnidds (— Bi-GRU B A i [ K2
W&, WIER, k€ {0, K} ZAHEHREIR MRS, y TLARSH R, b
A PARE 2 18 I S A R A A 2 Y [ 52

N Y AN TR ] 52 AR 14 1 SO 73 A AAS ] Y B 22 R 57, ApF5E2 Gu
U1 R M SR AL (Gaussian Mixed Model, GMM) {4 4653431 .
FLAORYL, JelREE 2 ~ Py(Zlx) ie il I BORFERUY . 6B, il x;
WA T, 25 J AT R sE. AT Gu U T e, A5
G AR 2 e A [0 S BT @ i 2R 2R A5 k e8 GMM 1% j-th 1011
J €10, ... K}EE VAT 3-3), RARSEHITIAAT:

1, 1if y, belongs to cluster j
7 = Yie DEIONE 7 (3.53)
0, otherwise
FHBrB, MR ek R 2
K
pEIX) = ) 7w N(Ela, 67 D), (3.54)
j=0
Al = w fo(x)+b 3.55
~ - j ] x)+ j’ ( . )
0j
Zzﬁj+&j*€,€~./\f(0,1), (3.56)

HA fo() B HIBRZML . 0. W, 1 b, 2% 2%, 5 DialogWAE #
b, MS-WAE [ 4 i @ HE S s 75 5 — B BOR AR I S A5 SR ME R 1
B 7oA APCIRCHR E B R B0, %455 RERH B S AT X 23 i 24 LA A

VISR HbReB  ZEVIZRRTBE, MS-WAE M Qy(z¢lyp %) ORFERAE R 2, K)E
RS Y yy o AR TE SR -

£rec = _Ezk~Q¢(Zk|yk,x) log Py/(yklx’ Zk). (3'57)
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N T RIS AR A SRR A R BS . MS-WAE i i xHi i piles DU 41
1k Wasserstein 55, ) 5455 2 R ECH

Lgise =Bz 0,z 1xyp) [PEr0 %) = Ezopyzin [DE X)], (3.58)

Horp D mis 2 45 .

HE—2 MS-WAE 5| A\iE SCHUBS I sl oA il 40 Xl 3¢ > iy
X T (] A2 05 R i 30 7 A 2 ) Y o S o e 2 B S 1 I A [ S
M oA A g . HAORGL, & 2, MS-WAE f 3 KA 2, FHAR
z;, {0, 1, K} \ (K} [BIQEERS o (BN T RIAETTER, T DA )RR B KAk 2
FIAL z; 39 (B0 Z) MOREES. ROk, (HECFY%ER (MMD) P
AT Z AR R e, B

E:%ZZ,-,H: (0,1, -, K} \ {k}, (3.59)
i€l

L., =E, . [GKF(z(.z,)] - 2E, z[GKF(z,.2)] + Ezz[GKF(Z.2)].  (3.510)

Hrr, GFK el 4L.
SR, AL ZE H AR ek A R -
L=Lp+ Ly + Loy (3.511)
F2 R i 0] i 4 7 A RACAAR L S
FEME B, A —AXHE B30, BEALE SRR A T LR — A T4
fii, AT ERYUCRFE— AR & 2. FiE, fEfSasA 2 FIXHE 30 x 1

A, RAEEIS . By, AT ERAER A R B A AN R TE S,
1T A S 1] S AR S b PRALE T S R

3.6 ELWIRE

AN T EARA I R IR, SRR . SRR TR, A&
LR R
3.6.1 HEHENA

AHIFFEAE AT 2 1 A FF 36 3 £ 4 Douban®* 1 DailyDialog > -
PEA TR TR . ARARAT IS RE L, AR FURF AR AL BRSO B SC- [l A%
M. 2 3-2 BE T X R R ST R .

3.6.2 SCIR4AT

ZiEXMEEE 28 X ERmRES I M fl o 4352k 30 Fi1 0.1, K-means
W kEIETERIEEE IS, Wi E N 4.
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3 3-2 Bk g v B
Table 3-2 Statistics of the datasets

BmsE #train  #valid #test

Douban 894,721 15,000 15,000
DailyDialog 68,096 6,895 6,695

BOMS % Douban Fl DailyDialog X% it 4 H iy i iL 543 51124 20, 000 11 10,000,
MS-WAE 43 3 il #5111 2519 200d Douban § 7 A [l B AT GloVe Jil i A fir) i )
KAV TR AKERE o SEI0 A5 6 190 265 43 59 6 FH 9 J2 LA tanh SR 284 P i
HZMLITE oo FIRRFE z (ARLPEAE S, DAKHIIS D (AR A 5y
B2 A ReLU (=2 R Z M4, HAERE /Ny 512 200 #1400, 1E4h, B
A ERAERE /N 200, Py R Z MR IG AT IS 2] 734 [-0.02,0.02] A
RAFEAFE

BORNZs AR YN ZRR 0 a RE FRR BE AT, IR A BCESN 100 XPTRTRIEK
JEBR A 40, fg—H AR /N A 32, MS-WAE 7 AE B Be i W 4G > 328
1.0 FBE T 1.0 pBENLAR R NI%383% (Stochastic Gradient Descent, SGD) )| %
A A I EE2E SR K 5% 107 F1 1% 107 ) RMSprop (Root Mean Square
Propagation) #£71I|2% WGAN [ Bz A48 AR 20 545 o ASBF98F ] Py Torch HEZE
kS MS-WAE, {8 f| TITAN Xp 58 87 555 . MS-WAE 5 18,259,408 2
%¥t. MS-WAE fifi ] —3k GPU ~7F Daily Dialog Corpus [ illZr755E 150 434h, 1F
Douban iER} FlIZ:5% 1081 434

3.6.3 Itk Ak

R T BRAEA TR R, AR SR AR R T TR

o Seq2Seq-attn'®?l: HATH: & S HLHIAARIE Seq2Seq ZLA4;

e DCVAE!"!: KT CVAE 25 BB S LR 7 vk, it ik
BT AR B[R] () SR R T 2R . Hh R IRR K = 10;

o MMPMS "7 By Z Bl LY Seq2seq 2R, AT DA A BT B
SC TR A ) (40 SO B SRR T 2R . RFPBEER A B 5

o DialogWAE!"!: i A1iR & s ki A BT WAE 450535, IR G &
BRI gl 5.

3.64 FMIERR

FIZIOFAG  ASHFEBRpE DialogWAE! O (7 DAR A shiTMrdsbs
e BLEU!'!: /3 Bili45 T BLEU A ER3R (Precision). [A% (Recall) Fl
FU{H, JATHE4 8y ml 2 54 & 0 22% [ 2 8] n-grams 1) 55 A
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e BOW Embedding!'%": 435|445 T Embedding Average . Vector Extrema I
Greedy Matching — /M55, F kA& 28 B 152 -5 45 %€ 1255 0] 2 (8] 1) SCASAH
Bl . Hrpr, Embedding Average X [n] 52 th A~ B ] 1) 3l [ it K P2 SR AR [T 52 1Y)
FRAE, TEEEAE B 152 N 225 0] 52 O RRAE B AR 7% AHALLEE . Vector Extrema Xif 1] 52
H B3] T [ B ) A N G AR EUR O (0N (AR A 15 iy ke o 248 R B fE, R
JETT AT AR %AHE . Greedy Matching S84z B 1] 52 1 EL 5 1] 52 v e A
BARR) —30F B TA] A0 R R A AR RE S BAA BT 52 T) Y BE

e Distinct!®: 7E24 i1 [1152 i R—FE 1Y n-grams (n=1,2) #1254 n-grams
ML, BT e n-gram W2 HEE. A IS B SCHE 3 AN WIA, KRR
Il 52 PR ER AN O ol 52 2 R EA T PEAd . AHAV A, Dist-n #4144 Intra-Dist I
Inter-Dist. Intra-Dist {13570 KA & NEITEZ LR, Inter-Dist {F 3 R AE
g 2 [ A R

NV ABFFTEREE Ke 257 SRA AT 1545 T A TR e, e
(IREDA R YN T S AT

o Informativeness: M TIPAli4: i 2 2 G Mt TAH B LHFEE;

e Appropriateness: fTiTAlA & 2R 2 A, I HAFE Y a0 g

1255 ;
e Semantic Diversity: F T 1445 & X6 FSCA LAY 3 ANl & ik T LA
ANE B TE S

v, Informativeness il Appropriateness F T P4 — 454 A4 14, Semantic
Diversity F 1Ak 45 & X 3G b SO A i) — 212 . TEGERh 0 3] 2, Hidp
0 Fonix e, 2 Fonmbf.

37 ZWERSH

AN SR AR T RS A A, AL A S ZAE Douban Al Daily-
Dialog #fls e ERITERE . AN ibdt— 70 TR A BB AR, PAREE
KA K XBVERERI W . AN/ N IR IAE A2 ST 2 0 SO
KAMIRE

37.1 JHEHEEIMERE

% 3-3F0 3-45 BISIH T X T XM Z REME B ST 2R . R R,
MS-WAE T Z FEPEFe bR b, AR, BUS TR T . [WIE, feM vt
Fr b, MS-WAE #H R RA5 2 THPINEE R . XA MS-WAE 1E2 71 24
PER R B ORAIE T A2 ) B, U] MS-WAE @A 3. 2P 0igekal: (1)
FHECETA X 7, MS-WAE 3845 7 B AF IR RE, 1K R N F ] 2218 Sk AR B
AR EE X E ESCERE 2R, BRI R B R RESCEARUW . (2)
IV, DialogWAE, MS-WAE #5158 7 8 = /Y Intra-dist il Inter-dist $§F5, X FEHHMIE
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A% 3-3 A EhFAN RGO PESSR

Table 3-3 Results of automatic evaluation for the relevant metrics

BLEU BOW Embedding
Recall Precision F1  Average Extrema Greedy

s

Douban Corpus

Seq2seq-attn  0.165 0.165 0.165 0.372 0.221 0.544
DCVAE 0.141 0.103 0.120  0.378 0.220 0.285
MMPMS 0.236 0.119 0.158  0.402 0.213 0.331
DialogWAE  0.360 0.218 0272 0.537 0.341 0.700
MS-WAE 0.356 0.221 0.273  0.556 0.320 0.566

Daily Dialog Corpus

Seq2seq-attn ~ 0.195 0.195 0.195 0.874 0.508 0.706
DCVAE 0.274 0.241 0.257  0.897 0.509 0.758
MMPMS 0.301 0.230 0.261 0.915 0.506 0.758
DialogWAE  0.341 0.245 0.285 0.926 0.600 0.803
MS-WAE 0.348 0.222 0271  0.933 0.615 0.625

AR PAEERR ) T 2 REM . 3 H MS-WAE 3k45 T i1 Dialog WAE ##°F-) BLEU
43 %0F1 BOW Embedding 434k, iX3RH] MS-WAE TE4& - 2 44 1 W] A g ARIIE
XM, % 82| BLEU $EAS A= i) 10152 F1 2 2% 0] 5 2 () e =iy ieliE iy Lu il
PA BLEU 543 A AGE & T X6 4 T 45 . BOW Embedding F85 H 84 i
0153 F12: 7% (0] 52 2 [R] A SCASARABLRE , A& LA T o B SCONTAT o 24 A7 HAt A
() 1 SUAERT 2% [l A AN KM 6 W S BRI A, D) JE 38 i A8 At A T & F A
ZREMERIEAE TR R P R RN 2R, TR @5 LGOI ZRErE. R,
ASEEG 2l N TP R A e R S i, U HOR I U

X NTAEAE, WAGRZERNEE 3-5 h iR, SLIRgs AR MS-WAE 72T fy
WAL TR ERRER T Rk, X R MS-WAE Ref A iU A (B, AIH
EXZHERE . #E—2kI, MS-WAE TE 46 E R LR e 2
T HL T A, XRAZIE CEBA B T4 B 215 X2 e, IR
T MS-WAE £ X 218 SCBAR A 30 . (5 8 BG4 P 25 R T Rk,
R SCAr A AR T BE 2 7R A B R s O &, X IR G AT
AP ERAAF SR, WEAS AN . B 3-8 45t T BT
Foo WiEPL FZER, ATA 451, MS-WAE 1] DU EniE Y 2 REME A T

372 ZWSH

MRYE S 3Ok, AWRFTIE T AR T AL Ok SR Uk MS-WAE S~
s (1) PERRTE SCHUBS I 2R R, A FRA451 2% o ORI 1 311 408 2K eR KOR V1T 2
B (-sd_loss) 5 (2) fERATE UK R ER |, E—2BERARBIE 54
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Table 3-4 Results of automatic evaluation for the diversity metrics

Intra-dist Inter-dist

BT
L dist-1 dist-2  dist-1 dist-2

Douban Corpus

Seq2seq-attn  0.849 0.847 0.084 0.084
DCVAE 0.539 0.646 0.090 0.128
MMPMS 0.736  0.860 0.256 0.389
DialogWAE 0.701 0.769 0.345 0.541
MS-WAE 0.872 0.925 0.554 0.879

Daily Dialog Corpus

Seq2seqg-attn 0916 0.969 0.091 0.096
DCVAE 0.857 0943 0.155 0.207
MMPMS 0.883 0.968 0.304 0.438
DialogWAE 0.869 0.956 0.455 0.773
MS-WAE 0.920 0.984 0.578 0.909

[Fi] B AR B —— X SR AR, AU X B R A = (-MSDM) 5 (3)
TEEE VR B Bl L, DB 2 iE R R, (U0 R G X
BARIZAE (-MSRR).,  SEERE5 R ANFAE 3-6F1 3-7 . S Msgm: (1)
R Wil EE B4 2k pR %k (-sd_loss) Ji5, MS-WAE 7EAl X455 (BLEU. BOW
Embedding) b 80U LT AT AE L, AEZ A58 (Intra-dist, Inter-dist)
WA ECE TR TR, X RN )18 SR 2451 2% sk 4R e i T 4
PR Z R, BB RE R RN RT A X . (2) BRRIRAS SRR
DUTE ) ——Xt 55 #4E (-MSDM) 5, MS-WAE [FFEZEA X457 (BLEU. BOW
Embedding) b3 80U LT %A T AR L, AEZ 55 (Intra-dist, Inter-dist)
WA B TR R TR 33X RE RS S AU [A] i SCMITR —— X 55 RB % {0
FRABT B A Ml AR AN ) SR 1A, (B[R] I s S e o — SE A 1. (3) FERR
218 X GRS (-MSRR) Jii, MS-WAE 7 Z H:/E358458 (Intra-dist, Inter-dist)
FRA BN BRRAEE IR . X W FEAE R IR 1 5] A 215 a5k AR
T HEFABIAE LR AR o BRI, SEIRgs R R AT R Ir X
SEARTHOGT T4 15 [0 52 2 B i L2 AR R AR AT D

FRIONEH K Bgm h TIRITSESEER LR E K X MS-WAE f A4
RERYSZIN , ASLIR o BIAEARIA] K (HIZE T 212k MS-WAE, 5145 MS-WAE
IR FRPERERIL . BAOREE, AL IE K € (1,7}, Bl 3-3fR T H:RE
bEE K (EA8fbryih 4, HEREfAH X EF54s (BLEU, BOW Embedding) FIZHE:E
Fehr (Intra-distl,2, Inter-dist1,2) AR, SZEGEERFIHRZECE LT, MS-WAE
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Table 3-5 Results of human evaluation metrics

Frizy Informativeness Appropriateness Semantic Diversity
Douban Corpus
Seq2seq-attn  0.380 +£0.012 (8.00%) 0.300 +0.003 (30.0%) 0.000 + 0.000 (0.00%)
DCVAE 0.644 +0.144 (35.0%) 0.380 £0.170 (39.2%) 0.286 +0.054 (8.00%)
MMPMS 0.708 £0.180 (36.5%) 0.432 +0.035 (42.4%) 0.760 +0.180 (24.0%)
DialogWAE  0.982 +0.059 (48.6%) 0.460 +0.071 (42.6%) 1.020 +0.143 (36.0%)
MS-WAE 1.150 +£0.120 (60.4%) 0.544 +0.085 (47.8%) 1.560 +0.126 (82.0%)
Daily Dialog Corpus
Seq2seqg-attn  0.320 +£0.019 (16.0%) 0.224 +0.003 (38.0%) 0.000 +0.000 (0.00%)

DCVAE 0.516 +0.043 (25.8%) 0.246 +0.089 (46.3%) 0.420 +0.100 (14.0%)
MMPMS 0.570 +£0.047 (30.8%) 0.272 +0.043 (50.0%) 0.570 +0.078 (32.0%)
DialogWAE  0.914 +0.015 (51.0%) 0.292 +£0.026 (53.6%) 0.714 +0.110 (36.0%)
MS-WAE 1.078 +£0.073 (63.2%) 0.358 +0.063 (58.0%) 1.480 +0.108 (88.0%)

% 3-6 HIDCTERTbs LA R E S 4 1

Table 3-6 Evaluation results of the ablation studies on the relevant metrics

g BLEU BOW Embedding

- Recall Precision F1  Average Extrema Greedy
Douban Corpus

MS-WAE  0.356 0.221 0.273  0.556 0.320 0.566

-sd loss 0.356 0.258 0.299 0.551 0.337 0.563
-MSDM  0.359 0.243 0290 0.541 0.330 0.683
-MSRR  0.352 0.230 0.278 0.514 0.297 0.551

Daily Dialog Corpus

MS-WAE  0.348 0.222 0271  0.933 0.615 0.625

-sd loss 0.353 0.223 0.273  0.933 0.614 0.624
-MSDM  0.344 0.237 0.280  0.925 0.585 0.806
-MSRR  0.344 0.234 0.278  0.931 0.618 0.591

AUAHCMERES K (ERYSEInmEn. — B K RBEABE, MRS A A TR 45
BRI K HAE 4 2. X TR PUNEEE K (00, 47Xl E 3o
AIECEMFEERNREES, AT MS-WAE B S| ZRhiE SCn] KA A,
M ST A S . SR, 24 K SIS —@EER, AFEZERITE ST HE
THa % EE A, A MS-WAE FEYIZRIS,  ZERANR] [ Ae 5 a] 4 75 SCHT B n] fig
KA BETCVEIERA I ZE MS-WAE, M 11 5250 ] 52 A= J 1tk fE T 1
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Table 3-7 Evaluation results of the ablation studies on the diversity metrics.

Intra-dist Inter-dist

Gid]
L dist-1 dist-2 dist-1 dist-2

Douban Corpus

MS-WAE  0.872 0925 0.554 0.879

-sd loss 0.826 0913 0.532 0.863
-MSDM  0.830 0.897 0.532 0.817
-MSRR  0.750 0.823 0.505 0.830

Daily Dialog Corpus

MS-WAE  0.920 0.984 0.578 0.909
-sd loss 0.909 0979 0.558 0.885
-MSDM  0.814 0.948 0.562 0.879
-MSRR  0.889 0973 0.532 0.875

PR S _t [EREETRD SPRPFERTE) “ILEERLIES 3
N ./.\./\-'/./.
0.8 A
’—" ~~~~~ S— — = }
074 a—— T e —— > ——
e 3-
g 0.6 - « <%+ intra-dist2
8 —- average
intra-distl
0.5 —m— inter-dist2
—@- extrema
0.4 —&- greedy
inter-distl
031 &g - o--———_9@- recall
-.___ ¢ - __ - e
~——— e - &= o ___ ° -®- F1
0.2 e -®- precision
1 2 3 4 5 6 7

Pel 3-3 Al KB BERL P g

Figure 3-3 Performance with respect to the number of clusters in K-means.

VA E UM e BB T AR SC I HE— 2 20 MS-WAE RE7S #2435 -
AN B Y 2 e B S R . Sk, ARSEEG M Douban 5 52 HR Bl L
— XS, AT MS-WAE %% %6 b 3Cas 2] W 205 oA, st
DialogWAE 5 8 £ 55 1206 i b S 4 AR ATt BRI, ARSL80 45 5]
M DialogWAE F1 MS-WAE [ 4¢3 731 H R 45431 ELREATL R AR 500 > Fa A &
Z 4 ) t-SNEUO sf s A7 il AL . TTHALSE SR A0 3-4 s . [ 3-4b3k
Hi MS-WAE 22 21|17 711 BUAH [F) o SO B (R A B SRR, AN [R) i S
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Figure 3-4 t-SNE visualization of latent variables

AREZ B2 XA . A, 18] 3-4a3kH] DialogWAE =2 2 (7311 BLITA (Y e
A REHE IR ATE R, Xt DialogWAE =] (A ] A8 & 2 [A] 2 15
SCRNFTIRIRH o BEIARSE, ATOALEERYGIE T MS-WAE REA% HAO0 1_E SCNTE]
SRV J2 Gt SO R AR o [ AIE ) 0 45 7 X3 _E S AN [8] 18] 5255 A8 [l
T X, ELEA T3 A ) A R AT RE PR R R G R A R

KBt T 58T MS-WAE A= i [ml 55 (1 i &, RISy A U el 52 it A 7
NFE, ARSI A A S 4 A BE DL B — S B RE AR, SRJE I 3-8 43Rl
7~ T MS-WAE FIE: 4777 DialogWAE AE B [EISE . X T post-1 2R3t , ZE51 3 HH
MS-WAE FERS P R A A . I 1 515 M “PREE" FHRHE,
M5 4 SR P BREIRE". HE 3 S WMET “HARKRN Wi
ST . FHSz, R4 DialogWAE A: B[R] 52 1] DA AR — 2618 CMTa , (HE {5 )
TM—A& M A T4 KRR, X0 HEF1 DialogWAE f{ii ] T @GR &0 A
Fo XT post-2 Keifi, FBIFEHH MS-WAE ([l 1 FEE 5 515 M X
JU” AR, B 2 ISR 4 SC5E M <TG A ek, shah, B 3 i
HT “GR X5 T . FAEHL, DialogWAE AR J0 [ 52 S 5 A o S i )
FHXT R —, beanElsg 1, 2, 3. 4 ZME T 00 e X—iF XMim, HA R
825 KERRN T “SR7. BkUL, RBIREIE R I AT Y 7 MS-WAE #H
b FL 2k 777 DialogWAE fiffi 52 RN & 21 88 22 N [R] 1] AR 1 [m] 52 i o SO, 21
PREN AT E 2= EIN =1
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Table 3-8 Real Cases of multi-semantic responses

Post-1: F AR B NERARUETR ARSI 3, B S, s s

DialogWAE

Response-1:: JRA A

Response-2: f1 A BHEFT 10 HL G

Response-3: F A AR

Response-4: [l H—"F X NHEAT AW, Hg A 1
Response-5: X F i #Avi Pl ipl

MS-WAE
Response-1: FIEAETE
Response-2: MG REANECRI NI ZIRR , SR MBR R ARMEDAS

Fi). e H T

Response-3: R5fX 4 FE ]

Response-4: £ ANIE—BA ST OB . BIEATRO T, St —EitE
W 0 T R AT T IE

Response-5: B4 NIRRT

Post-2: e FRZH KX JLIELL

DialogWAE

Response-1: {554, ibAGE . FRBGERNIZEFHRER, HIRITE A2
RIBEFEHRE, Eah?

Response-2: &R AEE R

Response-3: Jo/ilE, (FIARIA N BUAE 2 BIHOHL 7 A5
Response-4: g, & RKUNH, EGEEARIT

Response-5: RA I [a] I

MS-WAE

Response-1: YRA]PASEN 5 B ARE, RIGH T8I L

Response-2: {RiHHIfH2BHEZE IR T

Response-3: 4111y, F4eA. AFFRAHIATIIRE L9 itk fE
HEmS 2 g ?

Response-4: 1, X 75 ZARK A ] IE

Response-5: FRAR = 7EIX B TAE

/
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AREEHE T —NETE FORPE A 807, HT BUE R0
NG R FR , ST T R AR AR S R L2 R . BRI, AR T —A
Z 18 X Wasserstein H 24t , Bl MS-WAE. 15 /6% T A MRS PR kM2
1A 0 S AR XTI, AR ORI R8s b R A s SO 2218 el 52 TG
HRAZ Tk E T %5 Wasserstein [ Zifd#s (DialogWAE) . #H [t DialogWAE,
BITEIAL TR G S T ik B =, NG N TAE—HERabLEsE, e
FR A 0] 52 BT T8 1) SR 2 4 B S0 5 B . g 5 B 101 b iE—20, Ay
FIATET MMD Bif R 40 2K pR A 45 520 (RS T RE M5 FF . SEimas R
FRBAAAT IR ReS A o B A2 Z0E UL R R, A R T 52 AR
WiE LR
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T, N R R S ) SRR SRl 2 BRI B Y o RO B AN LR A
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Bt R AR AR AT -

fR YL — Y AT AT 5 S B R s R, I e & — 205 1
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TEiBe, VARBIEE E . HARUE, 58— AR i B AR 3 1y s
BT SRR ORI . R SR S e U S gy kA T
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Figure 4-1 An example of response generation with different semantics

PITE XA, PR R T T 32 RS L. XA 1 AU ST 3355 0h
1S SRE M B ) TR AR ERE, R Y I 2 AN [FIE A Y
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R, AT B R R 45 0 s B SO 28 miE A RS . AR S
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RS . RITE 24 BTEREE R AR IR 0 R g seifepr U BT
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ZHIR K, ASCEE T BT i SR 3% (Counterfactual
Data Augmentation via Semantic Transition, CAST) , T H45 & BINHE b S0 A i
[zl s . CAST 8 S s 52 A AR AL ARRE S — > ] R4 T B SRR Y 45 1y PR 2R
71 (Structural Causal Model, SCM) U1 FF-H5ARTE 4 i FREE T 14 Bt 7
AR, MATAEEH SCM b R AU A F i A5E, %78 s 1 A AN Al
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i, X TARIEAE R A BRI EA TR 78 . BeRl, Li 457 SR & 4 1
BT Es (CVAE) 11 2 i ekt BB 2 i I 55t . Bbsh, Zhang 4597 Fi)
AR BB Y R0 - AEA WS B, 2 B AREATIE R kR 5
12 5 o % b SO A B LG ) 1, LR 8 R BT A S B . B BT 2 1
G I3=T0167) fgi JY R T A5 20 AR O 280, et GPT-2159) 1 BARTD?L,
RISk SETUA 7 : 10 B AR 2 R r iRl LR W2 5 [l &2 1y T B AR 3235, TR
M 2 EE SRR A2

ARG U3 Gangal 5 U8 Fi I AMERAIH I, (23% COMET ! Fiigpt e
#1700 S S A L AR P T X2 RS . Hidr, COMET iR
FIARREAL T2 S) THE EHARE S AR R RIS R BRI, AEAS R ECR
SRR R R TG A B . TERHS R N E A MXTE SR, R BM25 42k
MRS ZR T FIHE b SCIE SR A A RO, DA R 5% Y
SN . XA AR A TE LT AR AR, bz, ASCT AR
RS 5 2 IR RRAS AR 15 580 32 5 10 ) A o 5 P AR B

RPN S SR H I &A1 S NLP AT 45 thaf s 7l s e, £
FE B R VT2 s E U7 R g 7170 S e TR RSB T
52 S S B B AR 2 7 A W A R — R s R LS AN LSO B . X T s
FiE 45, Zhu 451000 2 ygt i Y 7 e s A7 100 52 LR i 127 Vi SR S L B

45



VB SR A T RSO 5 A AR T

LRI HR B LR R TR . MR, ASCTAENE T s 5280
W, BERSY I 2R SOR R AL o I HASCH: B ih LN A G IR T
TSR 2 A NS5 BB ARPERE , AR S A AT 55

Pelbg Lo AR [l i e o AR T4 DA A X 3 [T 5
1 P 5 A B BRI P 5 il . LR, Xu 45 71 B R U
Ter e (s B E A, 2] BT UG s . Zou %5 %) 3 i ] — = i ]
RECL R 2 A A, i LARSR H E JC S S A N A AR X R, IR E
L G A S DR Y S SR KA RS . A2 TR, ARSI T4
B A% 9 28 PR TN A 2580 1) JHG A ] 2 G ] A2 PR SCAf BEE 3k S BE D 4 8
AAFTE S WIS . i TR H AR, A AT IR S e A TARA R
KA

44 HRHEA

ARTY T B R T R 3 AR GEA AT 55 S, I [RLBUR - S S SR Y
ZEAA PR ARAE L A AR

441 EEEX

WISk AERIRED = (. y DY} TR AR 2 ) — N bR
B, T 4L 57050 [ 52 rh T A 38 1t T B 1 o LR, S BR B Py (1|, y)
ey R VCEHE B3 xt, Bl RN EEAE . 1 e (0,1} FRILH
PRZE, WA =1 FKW Yy 2 Xt G REE, 1 =0 M. BB 0 il
i F/ MBI R ROk 2E >, R RERR A

N

L, =- 2[1" log Py(I' = 1]x", ") + (1 = ") log P,(I' = 0|x', y')]. (4.41)

i=1

N, ISR AR i i 1] 52 e MBS D BEPLIESRY o

WIS A Bdnde D = (X)), ), BT A BT B AR 44 5 o il I
x i, 2SR Y AR Py(y 1x) . BEISEL ¢ WA R IMEDL T
Wk
N
Loon ==Y log Py(y'|x"). (4.42)
i=1
SR, — RIS ER A VRN XHE D S 2B ORI [T A, ISR
O E AR AR E B AR B B . UV B R BN RS & SRR A e . R
B DAMAL A M 5 MBGX RR B4, BE S EiF 2z HILR U A .
Pk RS 2 AT & ERR B R R B S LR R B SR . R, S SR
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X BEHREET (SCM) EEATATNARE V = {(V,....V,} fiET
M 53 P(U) WS AT I REdLAS 7 U = (U, ..., U, } . XSS &2 )5l
I—RVNREF = {fy,.... [} BEATE. HERU, Vi, V; HPLU R ERR
PoE s —FRYNAALE PA; FIAN A RDILINAS & U;, BV, = f,(PA,U). Hrp
PA, CV\ V, ZEH B A M TLIFE (Directed Acyclic Graph, DAG) HiH771,

X CF AR RN, B ] AR RRRE N — S5 LR (SCM), 4
T AE ERE DT S X, AT Z MR Y. RS L SCM
FRSL AR AR AL 2R ST PN Y S5 A5 AT P(Y | X, Z) B4 il > — A M7 0 o
Y = f(X,Z,U0). H U it 7 45388 b frg A el 0L (E SO0 B g5 58 42 iR
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o SV (Abduction) : il SCM K% HisFss, EIHSTIRIAM PWUIX =
x.Z=2Y =y), RIEMHREE u 254 AFRH

o 175 (Action): SFTTHI, HUNZRFINY 2 HH MM 2

o Fl (Prediction): it FHRAFu, FEMTHILIL 5.
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Figure 4-2 The three-step procedure of counterfactual generation
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Figure 4-3 The process of action step
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VB SR A T RSO 5 A AR T

bR y BRI . TR TR BNE XA z, AN SGEBES o 1 SR ) % B
Pl BEEASRYE, A ST BERT P8 8 il ) T A ) 2 22 [R1 4 %A
VR RTE LR R, HR M TR A ] R AR 8 Bl A
) IE R FR 0 o W T, AR SGEEIER: ¢ 1z et —430, it
XAy e s B A RS I D R T AR KR

— HAER X R R ETE N, A SCH PR = z:

Z=argmax; P(Z|C =¢ X =x, N = N(é)), (4.52)

X A INGRRTE AR AR S B, Ho @ rTRAERHE B rLE—
ARG ESCRIE R, N (8) FRZza il 30 —Bk&R a1y i, BT R 2y
TS

3. B VBT TRRAE u, = [y gy TR, LA
i, AU PRI S AR ¢ AR, R R B DA A TRy
P =PY, =kl X =x,Z=2,Y =y,

(4.53)

¥, =argmax (log p,, + u;),
k=1,...,|V]|

Horp 2 Je B T8 SCAIE, yo, S AT )20 C AR U 1 P41

R, T I T SO A B S g S ] 5 A T AP VR TRk A R
ARG 3 T3k, DAY B T2 0 SO S Y 0 A AR s A
1R 2R RERHFE MBI G, y) fENEIA, HEARERE T x AYHEAS 5
TAENAFR ESCRER €. XA €, N T REZSARMMTEAE, %5
BRI A N (© R K AT4E, BEN(@), ... N(@©}, RAEER
PR FERUCGEAUH, AT — AR 2 T35 SR AR ) S 5k
A (%, §)e

452 tEXRERIZ

CAST YT 1 SCA BETUIAR A S F3 5[] 52 A i, eI s i 1
HERREIR IR . % Yang 45U Fil Schick 251751 THEM B &, A SCHEB KA
NGRS S5-I BART Y f38 32 5L

HSUMPEETMEER! ASCERdidE D B0 BART =2>) P(Z|C, X, N). HfAk
Ui, BAZHRE 30X, R ESCRTE R C An] A p el 52 p T S RE R ik
O N BHEIM S SCASFI o iyt 2 F5 2B ) T e iE SRS Z . il i
KRAELPATT H AR BRI 2Rt [
1Z]
L,=- ZlogP(Z,l[C,X, Nl Z._), (4.54)

=1
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AT B R X R 5 T Yk

Sk 2 R
Input: (x,y): WX G AEEAS
C: x AR (€1, ..., ¢ ¢}
C: HRE K R
Output: 7 FIXTEHEAR (x, §)
o5 UL 2 Y W] AR B el 52 e LA 2
for i < 1to [C| do
/‘A g EP%EE;Q 51' E/‘J#EJEQBE%)H\ N(éi)
M N (&) TRk z
B N (&) 55530 ANL(ED, ..., Nk ()
for j < 1to K do
L y < Trans(x, y, z, &;, N(é,)

Function Trans(x, y, z, &, N'(¢)):

M P(U|x,y, z) PHEEA R YL ISR G 5 R u
M P(Z|x,& N (&) H Az EAFRE L AE 2
TEMEIAEE u TG P(Y |x, 2) #EFLH RSy

| returny

HrApdsg [ R A SCRE S ARIC [SEP] B, akfeds N (E1E
SHHE. Z o, FoRZ AR AT A BEERTRTZR . | Z] 8 Z R .

SIS A R ASCHERE S D _ER BART “22] P(Y|X, Z). HA%K
Y, SRl 52 A S A e A B RS 0 XORITE U Z, AR R
B Y o AR, Gl RRAEPAT AR EOR I ZRpd [

Y]

L, =-Y log P(Y,|[X. Z].Y.,), (4.55)

t=1
Hodr |Y | FRaT e Y iR,
453 W o)FEEHELRE

S 3 ARG SR R ) M SR AR T DR TR 45 (0 R 152 e g gk 1091931840
E R EOOLI R A XS R S A, ARSI A TR A
GFEREAS . SR, XA I UL RS TEAE A, T e AT AT e ToiA A S 2R 5
U REAR AR B A BB R L RS . 323 Lee 21 %, AR
A BRI 5 T I 45 1 5 4578 DialoFlow 81 7 S FH FI iz, i) ) H:
5K IERS 22 T HE 1 A FIWTE A B . T R HO 246G S A E &
W KRR EEA, FrPAE AT AR “L XK — el WK Z (Perplexity, PPL)
SRR S FUR R WA BREA . H PPL 43 B0 DA BB F0 1 46 5 A i ) [l &2
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VB SR A T RSO 5 A AR T

fIREA. 2 Li 20 gk, AP st—45 | AJG ) PPL X E B 2T [ 42
PEATEHE, DASEAR A 3 A BRI REA AT Je e -

FLARGE, ABFEHE D b4 B DialoFlow %52£>) P(Y|X) fll P(X|Y),
A SRAT ST 5 RS 1) PPL 3%, — BRAS 7 FrA BEASI i 1) PPL 234k, TR 32
B — G BREA S TERREAR S T BB . 52 Lee U Rk, A<
WFSEA B0 S T R A B RS o 1SS R0 IR WL 2] A AS R A 2%
REAS, SRS IE I BEALRAE I 0] 52 s oAy RORE A 14 [ A2 07 3SR M s TERORE AR
R AR B — B A BT R PPL 00N T B IREA T, A ROREAR e i 5 A1
B RIE AT, X AEUE e T TR R RSB n. WA, ABFITHR
Y& 521 PPL 23 B0t A ROREAS rr s AN 35 b Scid [l 2 3R T B0 . % B 2 1)
PPL 3 4i0Hs , (8152 A vl RS Y [ 42 107, A1 P s ARG 21 2 1 I e e
A, HPIFAS IR R AR

4.6 KIIRE

AN T EARA LI R, SRR . SRR AR LA L S
AT VAL T 5

4.6.1 HIRENA

ABFIAE SO TR Weibo!® AT T 5580 . ARG, Bdiidk D
FUIGRE . BWUREMM L, B2 5HA 300K, SK 1 10K ZXHEEA. T
MR X R, AFFAH YAKE!"SY & Sl o 8 i A i v i
IR, YAKE F2 30T SCAR G RAEUEA T B a5 B, G A R T 44 17 |
FEA AN BN A o 5B IRl RN R 20 310 77,439 AT 202,266, BEAMEERLAH
By 200 ASmISEREAS, IR T = A0PPA N SR PP AU 3 b 30 56 s il 5K
A AN AR T A T S 0 S RE R KRB e A B AN BUA R 2 86% K
B e R . YIGRET BN 3G B BUAse i A B3 B 20 5l o 102 A
124, ARG IS, AU PR, 1 0 SR 545 E iTE U I
FHRIAZOTE S o PEAE N B RZY 96.5% 111 52 72 1 /2 BEK Y o

4.6.2 SCIMLATS

KT SURC BN MR 07 T8 M TR X R M, AR A SRR R T
H. bert-as-service "1 5 x5 AT A5 K BE ) S A 40 WS ) B K RE 1 SR AR
WUCAMRA TR o 7 VA 1O T SCAF 2 T D00 50 2 52 ] A2 A A28 4 514 )
A0 4.54R18 5 4.55078 BART-large #5570 U871 4| 258574 i) epoch YAk 10 K,
HEALFRI/ N 64, 23] 3%y 1e™>, HAMBRIE 28550 B A0 Shao 21871 i T /R {4
Fr—30, B AT L BRI BERCE N 5120 DRI, 15 UM R i
WS EE A i KR R 100, GnARAsESE A AR T 100, WA AR & A Rl AL 4
M 100 AMGERETE LA HE . eAh, TRId i TR e A/ N T S BOREAR . X T4k
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Ve, ARBFREESIRESE D EMIEIXHETI S5 DialoFlow 8! s sz i
SRR VIR RER 2 Ik, LB/ 64, 255 % le7d, Fefk
B{E 7 4 10,

TERCHR BRI B, TS [ BER 0 e 4 A K /NI B AE S B 100 2 ], A
I, BEAMGEREERRI S K AT, FIREEA TR IEE NN

N; = max(min( N @) , 100), 5), 4.61)
H K W14k 20, #2000
K = lN(é)l. (4.62)
N

C

TS BB E A AR 2R (Beam Search) FilJ. 5 2 52 o] 52 A2 A2 AN
JE %5 Gumbel MeFS HORBE IS IS, RS R EORE N 0.5,

JEF R MRS B TR A E 2 SO 51| 25 BERT-base 28! 417 4
. YRR ERRECN 2 W, BRIV 64, 223K 1™, I HAH
AT BN 512, AW R A B 5 — M A S oA o

JET AR G B BT AR SR 5 i 1)E BART-large !'87) ity g, J)l|
SRR BN 5 U, LI/ 64, 2233 1o, I AT AR
RPN 5120 FEEPERTBL, AWM top-k A (k=10), R K
JEBCE R 50, FF HR M e — MG A b AT v Al

YL SVHE ASBFFREH 4 A GPU YR TAG R FIXHERZL, [#H 8 4~ GPU )|
GRILT A I RHEA AL ] 8 A~ GPU I 25 [m] &2 40 F T B A 1] 8 4~ GPU
D5 3552k A, 3 FLAE ) 1942 Nvidia Tesla V100 GPU, JET# 2210 Xk
A, BT A B AR | T S BTN AS A i =S ] A7 AR AR 1 )1 s ]
O3RN 2 /NI 4 NIEL 4 NIERD S NI . FEBCIEIGSRIBE, TN AT R ) T
NAPBETRE S5 4k, RHITEREAAE R LA TR 1 /NS TR ) )
PPL 73500 BTG 2E 40 4340

4.6.3 FftkFik

AR CAST 5— R 50N it A7 e

o Observed: ‘& H i FHULZEH B985 R i X s A 2 ;

o Augmented: & F S FASHFSE 4 S AR AR N T A A ;

e Back-Trans!"?! | ‘&3 i 48 S B Bl G 0] 42

o MLM®! #E D |- BERT-large 574 DA w375 (1] 52 v iy — L6 iR1E
BARAEE 015,
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o DL DLEL LI B %% b Sc- 058 REAR Sy 3t , M ARFAT IR 4 I 5
FIXHE bS5 WIS AR T, 8 A TSR R R - Sc-mE ReA. o
B BRI B A T R i .

o BM251081 i jf BM25 55346 top-k A5 T I b SRR B X7
S 7 o€ DRl oY @O N VA O 1=K (2 STV U RIID O Rl e U e =2

o BART™ {271 BART-large #7, DAXHE b S0 M A 2o 1
LW . AN [E] AR R [ B ARG SR, P g s R, IR AR
0.5 [ BEHLREE, F1 top-k RAE (k=10,25). X LERIT 4 5194 7 5 BART-gree,
BART-samp, BART-k10, and BART-k2S.,

Horfrlr BM25 fil BART J5vA$ B R Bca st it AR T 42 i B o % vk g
4.6.4 TEIERR

TESRER AW B T B S AR P X W Ry 2O A5 0 3%
B PERE .

AP DA HER T B SRS R TR R A E AL

e MAP (Mean Average Precision) : Jl{R{AFEAS -85 & (Average Precision,
AP) WA . AP ShFREN S5 SR HER 1T 1 40850

o Rj\@k: Y4 ILg57E 10 MEERIE RS, Fl k MEFNEE (k=1,25)
R IR 1A A A3 b
PATR HEAR T WA T AR U AR

e BLEU: Ly [ul5 fiZ2% [nl 5 2 6] B 1Y n-grams (n<4) A ;

o Dist-n: A4 AUAY I N HA—FER n-grams (n=1,2) #1255 P A n-grams #Y
o, By n-gram P2 R0 RIS B SCHTE 3 AN RIS, CREFE ST ERL
{14 18] 5 A FRRTRH BB 815 2 [A) EA T PR A . AHRY 3L, Dist-n #4143 >4 Intra-Dist £l
Inter-Dist. Intra-Dist 713875 RAE R T EZ L3, Inter-Dist 75 3 4~ R Af:
152 Z AT A AR

o BS;: BERTScore!"®8) {1y F1 {f, ‘&4t 3 AREEEIE g 2 4[5 2 7]
(R TE SCRBATE o 23 BRI SCTE 24

ARWFFEA ] Dist-n A1 BS , ok H AL BRI SR, BEATE TYH
() S I R 2 HEPE . UAh, SB5 AT DA Ha bR VAL AT A AR 1] 52 55 A=
R 2 TR Z A

o Novelty-n: § 30| & gt it BLA) n-grams (n=1,2) L3 AH{IHE , Novelty-
n 41434 Intra-Novelty £ Inter-Novelty ., Intra-Novelty 7&4&5 4 3% [0] 52 N5 T
A, BIAEY 3G 0] 5 rp s BREORAE 200 18] 42 v 1 BLEY n-gram 1% . Inter-
Novelty 7 3 4~ 30152 it Bz e .

e BS,,: BERTScore /] F1 {E, &4 4 [nl 5 5 HXE B 208 a1 52 2 4]
(e SCRLIE .
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2 4-1 9 W8 R O S PG SR

Table 4-1 Automatic evaluation of the quality of augmented data

Tk Intra-Dist Inter-Dist ~ BS,  Intra-Novelty Inter-Novelty BS,,

BART-gree 93.34 9837 64.83 81.81 6646 8442 9554 6054 80.38 58.12
BART-samp 94.14 9879 70.85 89.27 63.60 84.24 9599 6584 §87.74 58.11
BART-k10  93.08 98.63 70.60 90.07 63.15 85.00 96.23 67.36 89.11 58.08
BART-k25  93.74 9877 74.63 9198 61.61 8576 9643 71.01 9090 57.83
CAST 94.64 9890 7991 94.79 59.59 85.84 96.63 7447 9298 57.31

Observed 94.05 98.90 -

NTLVFG AN TTAPAL I 3850 A A s e s A 2 o ) [ 42 0 o e, 38
JEAR 3 ALITAR N BUORSER. B W R R AR A TP -

o iyt (Fluency): [a1452 (O, ToH BB IR

o ZEBME (Coherence): [nI5 FIXHIE I U e sl 4 H 4%, @ XHE B SCHIf
RAELE

o A7#BPE (Interesting): [0 HA(FE&E. EEHRIE ;

o FEM (Richness): %5 XHiG I SCHIZA RIS B R B8 S EAE AR
TSGR 0 5] 2, Hip 0 F9REE, 2 FRET.

47 KWER5SH

A/ NIRRT /RT3, AL s BB A PEAR SR DA SO
AL RIPEREEA . AN, AR TR s A T HE— 2 b

47.1 iy IR

ABFFE S BRI B R . SR S B Y SR A2 900K
BRI T B R ek 600 A, R 200 A REALIERET)
WG ESC, B ESCE 3NN B, AT NI PP 2
—FoPE 25 3T Fleiss 1 kappa kU 38500 5% . Fluency. Coherence. Interesting
Al Richness [ k {H5 34 0.67 (H5E—51k). 046 (HHSE—EE). 0.64 (4
—&bE) F10.69 (FhE&E—FE),

SEEAERANER 4-1F0 4207 o SEIREE SRR D ST B BE 0 o kT
B H 7 Y A IR ) i . R — 2B ERE) . (1) AR Y SR
LI Z ) B B AL 208, X RIS S A & m By . A, 7E
F 4-4rf R T — ey HEAR R G, HFEI TS RENE LR A ST . (2)
AN BB TE TG AR BS -, BS £, il Richness T3k T8 = A 404k, iX A
WFFEHE W 7 L REE 3 3G 1 B 2 R R A By Il & . Hidr, CAST A Lt BART-
samp [N T 185 A, CAST 345 T T AF ) S5 R R W1 10E S BE 2 A 200
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Table 4-2 Manual evaluation of the quality of augmented data

Jik Fluency Coherence Interesting Richness
BART-gree 1.921 1.507 1.222 0.611
BART-samp 1.833 1.383 1.500 0.926
BART-k10 1.853 1.461 1.506 0.983
BART-k25 1.813 1.333 1.560 1.182
CAST 1.953 1.653 1.707 1.660
Observed 1.941 1.744 1.740
PICRER B AE RELRBIR
XHi&_E3C: T am sleepless because of coughing. (W% Wi HE A7)
sleepless I slept badly.
Sleep (i o
(%) G S

Have you seen the doctor already?

doctor (%=

octor (B55) 3. et 7 o)

_ Honey, do you have a cold too?
= I=1

cold (BH) e, IREFRUEET?)
Xt+i%_E3C: 1 have a stomachache every day. (Feir 5K B JHI2)
spicy (BET) You can‘t eat spicy food.

coughing
(%)

CRAEZ BRI
stomachache A You need to check your body.

) ] What happened? Why is it so serious?
serious (") (it 4 4% )

Vel 4-4 ATl SO SR A B e LS Bl i

Figure 4-4 Real cases showing the generation process of responses with different semantics

Q) Hit—H, 5HAWN Y (BART-gree, BART-samp, and BART-k25) fH L.,
BART-k10 7 fir 5 figbr _EHAFEUS TR E B 404 iX % top-k KA+ (k=10) I
T HANMRIL SRS GULE R, WERECH 0.5 FEPLRAE, A top-k RAE (k=25)).
Rt top-k RAf (k=10) W AT JEEadd T A4E pxihsiz v,

472 EEIHEER

AHFGE 20 PPAG T HE H A 3 SRS X R T A R A B T A R R A R A
RMERETR T, M T bR A XS N8R 0 iE LA F T, BIERSTE
FAMINGEDE, R NI TS BB AR TERE, A B s 2R B R L2
FEME. B TR EE A AT 0 LU, B9 R YA BT E SR 300K 35) 4K
P, 75 SK MAEEEIEAT A shEAS, I HAE 600 SFEA EiEAT N TP, dPAh A
B AV HY)— S 28 i Fleiss () kappa « ") #5408 . Fluency, Coherence,
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Table 4-3 Automatic evaluation on data augmentation methods for retrieve-based models

Jj ik MAP R,,@1 R, @2 R,@5

Observed 80.21 69.72  82.05  94.96
Augmented  76.67 65.14 78.16 92.46

MLM 8022 69.76  82.05  94.90
Back-Trans  80.26 69.75 82.21 94.99
DL 80.47 70.05 82.41 95.03
BM25 80.07 69.68  81.62  94.82

BART-gree  80.37 70.03 82.17  94.75
BART-samp 80.42 70.17 82.03 94.88
BART-k10  80.38 70.06  82.15 94.79
BART-k25 80.53 7030  82.21 94.91

CAST 81.08 71.08 82.86 95.14

A A-4 JET R TR AN ] R B s Hi i 500 1 AR SR

Table 4-4 Automatic evaluation on data-augmented methods for generation-based models

Jitk BLEU Intra-Dist-1,2 Inter-Dist-1,2 BS,

Observed 222 91.11 9821 73.83 93.18 60.54
Augmented  1.85 9229 98.16 77.86 9328 59.76

MLM 2.16 91.19 98.25 7441 9337 60.50
Back-Trans  2.21 91.26 9826 74.66 93.49 60.45
DL 2.23 92.09 9835 75.02 93.42 60.35
BM25 1.68 91.55 98.14 7651 92.02 60.17

BART-gree  3.54 91.54 98.02 64.79 80.87 67.18
BART-samp 2.86 92.12 9842 69.81 8891 63.51
BART-k10  2.72 91.71 9853 70.51 90.02 63.45
BART-k25  2.70 91.93 9845 7129 9046 62.81

CAST 2.11 93.39 98.67 78.03 93.62 59.64

Interesting I Richness 1) x {E 4 5120 0.71 (EnpE—3k:) » 0.59 (h&s—5hk) |
0.48 (FP&E—E) M10.32 (H&E—8E).

BRI AR TR R MBI E PR 45 A R A 43 R, e T
A BRI B Sh VRS ATN TAPAG 45 R 5 IAE A% 4-4F0 4-5rh R . SEInss
R AW FEHR 1 EFE A A B EFE LT A i de br B T
FUERIAL . X UEPA T o X E U R (08 SN X B T U A 55 ) 2 A o i
AR . P MEE R (1) F1 BART RYIBAFE, CAST #4517 H 5
5341, JuHE BART-samp. X ZRBT i [n] 52 £ B BRI B = 1 A 55
[PERE. (2) CAST 7 BLEU 345 T 5K /044, X AT RE oMY T 208 L
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Table 4-5 Manual evaluation on data-augmented methods for generation-based models

Jik Fluency Coherence Interesting Richness
Observed 1.806 1.377 1.645 1.075
Augmented 1.848 1.363 1.652 1.320
MLM 1.813 1.438 1.653 1.095
Back-Trans 1.791 1.443 1.657 1.115
DL 1.823 1.462 1.665 1.135
BM25 1.803 1.155 1.650 1.185
BART-gree 1.841 1.453 1.508 0.895
BART-samp 1.822 1.448 1.582 0.910
BART-k10 1.835 1.480 1.584 0.925
BART-k25 1.812 1.425 1.623 0.935
CAST 1.867 1.492 1.677 1.355

AT B R AR RS AT R AR R 7 A ) (] S AR S 5 [l 5, AT 2R i [l A 2
% [l 5 [ 1) iR) B2 N . (3) {H CAST YE4545 BS, il Richness 315 1 5
R, X R TR E N GREAETE N A RORAR B R RES E AR T
TR TR SRR

4.73 SERSHT

BE—2, ARWPITRR THY) S EE X R A 55 OS2 R DA B CAST A4
SR B . BEAh, AP IRR T H BRSO % A A AR 3 A AT
55 LRI, 5B RS T X .

WA MBI BORE ARBIF ST R Ox. 1x. 2x. 3x AUIZRFEAS BRI IR L 2R
(] T SCAA IR S0 R AR 55 OS2 W), FF-KF CAPT SHEAMEA (Rl BART-samp) 247
PO o T EARE R, 3x FRik e T 3% 300K [ REAS . 2 3 44 I 4%
AIREA B AR ERREE , A Sl 48— 1 900K ) HEAH: A P EE L
VEFRIH B AT AR EE R SR o SR AN 4-5F7R . 2 AL (1) BART-samp
B MAP 73807 2x IR EIIE(E, S5 R, F HAE BS, 7B\ Ox i %] 3x
AW . X ATHE R H N BART-samp {5 i B A 17755 2 FE 0 TG
b, BEARIEAAL. Fit, KESEIARLIRREA S 20 A1 25
PN . (2) FES, CAST _Ef MAP 7350 Ox SIS 3x RAEAWE N, 1
BS ; 7 C0E Ox YN E] 3x I BCA G X FRIAAT IR T3k ml AP 34 A
AAREX R, iR m BRI AR TE LN E R EE LR E T
WAL 55 BV REARTERE
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81.4 65

CAPT CAPT

81.21 o BART-samp 641 —— BART-samp

81.01 631
o 80.81 w“
< W 62
= 80.6 @

80.41 / 61

80.21 601

80.0 0x 1x 2x 3x >9 0x 1x 2x 3x

Amount Amount
(@) BT R e ih i (b) F& 112 BRI R} i ki

Vel 4-5 A [l B g )™ Bt ool ek il B R P F R 55 i

Figure 4-5 Performance changes on dialogue models with different-amount augmented data

A 4-6 (L TR F ARG B 13 T CAST ANRIALPF iRl 95

Table 4-6 Ablation study on different components of CAST on retrieve-based dialogue models

Jitk MAP R,,@1 R,,@2 R,,@5

CAST 81.08 71.08 82.86 95.14
-Predictor  80.63 70.33  82.65 94.96
-Candidate  80.22 69.90  82.01 94.62
-Selection  80.41 69.92  82.44  95.08
-Dial PLM  80.52 70.19 8239 9498
-Back PPL  80.68 70.41 82.51 95.07
-Gumbel 80.83 70.62 8276  95.02

TR DTSR T AT I A R Sk A N A RIRCR - (1) BERRTE LA
BETIARZY | AL AR A P BENLES B — > KSRV R A BE (-Predictor); (2)
SRS BSOSO S i O BE B A A, B0A 1-hop 28BS, B
L 503k BRI g MR 3B SO B B AL 1 R ) 1 SR BN e S
(-Candidate); (3) AEHEEIZESE T R IR %t (-Selection); (4) HI¥AH I
A R 2 SR AR 1 I i 5 A2 GPT2 S KB 3 T 21 5
#52 DialoFlow (-Dial PLM); (5) fUf#i il fif ) PPL 73 $Ud SRFLARBTEAEA, AR
G ) PPL 2B ATHE P4 (-Back PPL); (6) AAEMHIFASGE T AR, K
I8 52 A I AN R 55 Gumbel IS (-Gumbel). JH i SEER 4R AN 4-6 P . &
BRI, BB AL 2 R AR AR B B PERE T . X UER] T CAST Ak
T XL A A o

KEBORBOR Tk vs. A RBRITE  ABRIOSE X TR T RB (Large
Language Model) 3772 33 iy FFHC b 37 A HORLEE T 4 5 S8 TP HC B 0 35 2
W AR PR TF IR R Vicuna- 138, S5 B RGO ELH 7 2t S IR B

59



VB SR A T RSO 5 A AR T

2 47 R T R B B R J5 1% e
Table 4-7 Comparison of full fine-tuning method and prompt learning of LLM

Jiik BLEU Intra-Dist-1,2 Inter-Dist-1,2 BS,

Vicuna,_,s 105 8123 9607 44.62 62.17 79.54
Vicuna,_o,s 098 8138 96.06 5265 76.17 71.34
Vicuna,_, 095 8193 9620 57.19 8273 66.99
Vicuna_,, 101 8139 9612 5402 7846 69.89
Vicuna,_,,; 0.86 81.80 96.08 57.87 84.05 65.93
Vicuna,_, 0.74 8181 96.10 6149 88.11 62.14

Obersved 222 9111 9821 73.83 93.18 60.54
CAST 211 93.39 98.67 78.03 93.62 59.64

55 AR, HP B L SCR G AR BRI . ARSI TR 1 fifh i
R B2 A %K (temperature, 7) 71 Top-p ' p HYHUED AR AR IGE IR, bl
JEZHON p 73 HIBUE 0.5, 0.75, 1o R JEZRLON p (E#U]N, AR [l S e e PR
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Figure 5-1 An example of contradictory dialogue
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Figure 5-2 Framework of counterfactuals construction based on semantic decomposition
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Figure 5-3 Training of semantic decomposition
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Figure 5-4 Examples of Constructed Counterfactual Sample
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AR Ab 1 S 25 R O I Wi B ] R e SR ) B M, AR e T o e SR S i)
e R FIS L BAR] oA 1 S T SRR

o HTIHHBUMIE ¥ (MANI-U) « BEHLRAEHADIE EE A — B0
A AR P JE B e SRR A ARG — G FEALAE— SRR A T s I — X A P
TR A —EL

o T REBUMIEE L (MANLE) @ X T A—ShEA, e 2k
FHE P G E LRTT)E, AUHERIE R T = e A BRI RS, BNk &R
X —BOREAS B BN N AE B I 5 SO TR IS, AGASINE )Rt = e
HAH ELF T 1 18040

o ASCHEHIITYE (RICS) 1 504 T U AR P JE B i ST .
T ST AN — BORE A op B A BLP JE I SO AR AR AR AR — 2 BENLAE — B
A HS I — X AE B A SRR TR AR AR A — 2K

o THIENE + AR A (URHRICS) : B 5EX R IR 1040 , 48
JE TR T 2SS A 1 S SRR AR
564 FEMIEER

AR AN FEAR#E T VA . A R T 7 B S BRI A AR True
Positive (TP); TP & S br A J& BIAE A< A False Positive (FP); N J& 52
RS JE BIAEAS R True Negative (TN) 5 TUIASIF i 55 b7 JE AL 4R False
Negative (FN).

o Accuracy: Wil iERfAIEEAS HL1 5

TP+TF

Accuracy = (5.61)
TP+ FP+TN+FN
e Precision: Tl Ay 58 AL A 2 B 1) |5 1L
Precision = rp (5.62)
TP+ FP
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Table 5-1 Robustness comparison of models based on RoBERTa-base

o ik Accuracy Recall Precision F1
Baseline 66.11 44.24 78.61 56.62
UR 67.67 48.17 78.97 59.84
BackTrans 66.88 46.59 78.41 58.46

Unstructured RM-CT 65.96 44.34 78.24 56.52

Approach MANI-U 69.76 54.71 78.27 64.41
MANI-E 67.54 52.88 74.81 61.96
RICS 70.64 59.64 79.22 68.54

UR+RICS 73.42 62.30 80.13 70.11

Baseline 79.06 75.65 81.18 78.32

UR 79.58 78.74 80.71 79.71

BackTrans 79.71 77.48 81.09 79.25
Structured

RM-CT 79.05 75.23 81.02 78.02

Utterance-based
MANI-U 79.97 76.67 81.32 78.93

MANI-E 79.18 7591 81.23 78.48
RICS 80.34 80.41 81.25 80.83
UR+RICS 81.03 81.42 80.78 81.10

Approach

e Recall: FLSL 5 Hgl SE bRl 4 ks 5 e

Recall = __TIP (5.63)
TP+ FN

e Fl-score: i e il i w2 AT RE

2
F1- = .64
score 1/ Precision +1/ Recall (5.64)

57 RWHRSH

A/NTR LI ACR AT RS AT, AR IR A A E A 22 e R
PRIEPFAG SR, RITER Bt . A SIS IE AT SR th (1 VA RE A 4R T I
BN HE P B R PERE , DR A AR UE A RS R R — 2Lk BEAh, A
INTRIE— AT T I R SR AT

571 HEEEE

ARWFFEE Se I Hh 5 2 A5 RENS S TR AU E EL L i B 5 1 e, B
TR 25 RGN ST AFHE, AR B 5 ik 1 5 AR 2
W Ix BB . SERRERAERR S- 1M 52 45 i, 4R B A S iR th i T kA E 2
PSCER B N AE LT B febe AR X TR X SRANIR SO 0 A
REAS A RO SR TS A LS 5 T RO MERE, 2R SRIAAS O VA RES 4R TR A
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Table 5-2 Robustness comparison of models based on RoBERTa-large

o ik Accuracy Recall Precision F1
Baseline 70.54 47.12 88.67 60.53
UR 72.38 51.57 88.34 65.12
BackTrans 71.73 49.48 89.15 63.64

Unstructured RM-CT 70.68 49.21 86.24 62.66

Approach MANI-U 73.17 54.97 86.42 67.19
MANI-E 70.55 53.66 81.03 64.56
RICS 75.55 58.59 89.43 70.79

UR+RICS 78.79 62.56 92.64 74.69

Baseline 84.81 79.58 88.88 83.97

UR 85.18 81.43 88.51 84.83

BackTrans 84.82 82.46 86.53 84.45
Structured

RM-CT 84.16 80.10 87.18 83.49

Utterance-based
MANI-U 84.49 81.56 87.65 84.49

MANI-E 84.29 79.84 87.64 83.56
RICS 85.29 82.64 88.19 85.32
UR+RICS 86.26 82.98 88.78 85.78

Approach

EHIR RS THEEME. 2R (1) AFREHW T ERS THE
F AR (Recall) , H HARRE THERZE (Precision) . X RN 7 ¥ REEHS
BIBRGH S o 2 SR —BORE A . (2) AH L RATE 0 LA 107 & A 1Y)
MANI-U, DA SCEICAARC AR RICS 47k T RRgFE T, X RBIAmIC
77 JE NS AR . M, MANI-E $2UR 2R A o7 Ji A (BRI Ek
B INE R IT =g T AR P G A 4) ), AL RICS 3k45 7 9 25/ 1 RE
X RIAARICSE B T G N2 A U BRI, X R B H i ST A
L He B JE N A AR . (3) AR A (Gnis R Blate) )
FiE 75 ¥ RM-CT [ TZAT 55 JL T IR AT T, Xk T3 LT TdE T
MG — BRI 55 P I WA FHA T B R A LEM . (4) MTEESRS
¥ UR, ib—2 0 ARG A8 URHRICS 473k T RAYFE T, X REIAIFSE
PR ERTE RS AR BN : G B L, AR
IR RA RN . (5) AL GRS )% BackTrans [h4%, RICS 3553 T 5 =i
AR, X R R AR T S S AR S i LU R O 1 5 R A AR A
R R R E BN, (6) AL Unstructured Approach, A5 H )y
V545 Structured Utterance-based Approach 7 % U2 THAHXT /N—28, XA EEZ KN
Structured Utterance-based Approach 5| A WIS 4NE5 4l B O 28358 0 i 1 A AL 0T
Do R 2, RIS SO IR R BRI NIRRT . (7) ASBRSTHR Ty
#:%; RoBERTa-large Hl RoBERTa-base &4 ALER T R THET:, X FRHHAHS

74



85T ETIE O RRRE SR T A

A 5-3 AR  EEOR B B J5 1% e
Table 5-3 Comparison of full fine-tuning method and prompt learning of LLM method

iy Jjik Accuracy Recall Precision F1

Zero-shot 54.97 42.41 56.64 48.51

Unstructured  Few-shot 56.15 87.69 53.77 66.66
Approach Baseline 70.54 47.12 88.67 60.53
RICS 75.55 58.59 89.43 70.79

Zero-shot 53.14 39.25 51.93 44.65

Structured Few-shot 59.03 70.41 57.35 63.22
Approach Baseline 84.81 79.58 88.88 83.97
RICS 85.29 82.64 88.19 85.32

T ERAN R SR 1 — B AR A ET 2 A

AN FE AR HE— 25 X L T 3T KA RS (Large Language Model ) $27R2%4 > 1)
— SO I AN BT A RO ) — BRI . AR SEER SRR R KA AN Vicuna-13B,
RIS (Prompt) K48 /RBIAY L 58 i — B AT 55 . AR,
W TOARPIRRE R s (1) TREARZS] - AR5 2 FIWr B 5 A% b SC i a2
BEMHETE. R “Contradiction” B, “Non-Contradiction” /E- N % (Zero-
shot); (2) /MREAZES] - AR 552 FIWT I FIHE FSCh N REHET . ©
Z RN M F45 1 “Contradiction” 1Y “Non-Contradiction” /A%, 1 - Input:
< XHE 3¢ >, < [H4& >, Output: Contradiction, 2 - Input: < Xf3i 3 >, < [
>, Output: Non-Contradiction (Few-shot). i#—#%$EPA RoBERTa-large 4 22
1iA4Y) Baseline 11 RICS J5yA/E MR T 4 80 m — Bk AR k. AL
1673 $IFE Unstructured Approach #1 Structured Approach |47, SZIG 45 R AR
FHE 53, G5 EREE T IOBIBEE R S i — B R P fE (Zero-shot
1 Few-Shot) - H Hil i Jo37: 48 188 ) F &5k N E 0 o A% e i BB iy vk . X
AR A LT ER - (1) KRBT AR SN R NS, &5
B (2) REMIMN KR BUTCE SR E RSB0 5E, Mk 4514k
FE, FEHE AP RS HIRA (3) AER R IR T REIL Toik
A R RIS RAE R AT 55 R B dE— D4R H|, AL Zero-shot, & iT4E
IR B S5 RG] (Few-shot) NS HF 2 Hb$R & — SRS I R, fildn
54.97 vs. 56.15 (Accuracy) F148.51 vs. 66.66 (F1). Hit, B HE AR
REAS AR R FRE R A T— SO A B P R

572 HREBERKRE

A S G I XA Y AR 9 A 1 1 s 2 SEAE A BE A 7 B I ABE 2R 3 [ 6 PR 5 &R
PR, T S HEA S B P N Ak . AR SEEG e 3 T° RoBERTa-
large %) Unstructured Approach #5556, F-1%4% Baseline A1 RICS X}, [
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A RN Baseline RICS
U0: REREMES, HBRZMER | HBREZ MR DI 22
MBI 22, H SR E IR R R . (I am a huge fan of many
(I like all kinds of music, I am a huge fan | kinds) & LAZE 24 5k 0. 683 0. 002
of many kinds, but country is my FIRBSEH) 22 (I'm not a huge
favorite. ) fan of country)

Ul: IR E MR 2 18 AR T2 e ? . =
(What are you favorite country artists?) (g *i%’tﬁ_%&ﬁgg’ii ) &
U2 FAE A BRI 2, (g | [COUNY 18 my favorte)

WSTERARIE « Fft. (R AARSHTORIOAIHEL | 0.002 ] 0.976

(I'm not a huge fan of country, but I do (I'm not a huge fan of

like johnny cash. What about you?) country)
U0: A, WAIZHZE TX EMPEE] A Nope) & A (Nope) 0. 329 1.18e75

(Nope, I don't eat meat out of respect for
sentient life. )

Ul: fRizt2e)?

(What kinds of food do you eat?)

U2: EEB®, PR, AR RE e RS &
4@&%‘5”2 RIEFR IS (meat loaf 1 eat) &
(Pizza, meat loaf, any soul food she can TR Zh A 0 52 |
cook up I eat. ) i (I eat no animal parts or

U3: FEUNIRANZ A o

0.021 0.996

product)
(I thought you did not eat meat. )
Ud: A, XEWRA AN S AL B
A
(Nope, it means I eat no animal parts or
product. )
Pel 5-5 BRITEERIRG e SR It

Figure 5-5 Exploration on the decision-making basis of models

JE M e 2 2 RE A, 9 ELERBE Yang 25 1201 SR PRS0 AR A S 2 i At
PN 2SR LS G N A WU e Mt . LRI, T4 A st
A, HRBEREFIE A AR ESOPENE P — B, SRR R
TR RS AL 25 R AT U 45 S (P A R U . SRR s, e
IR T 78 B AR A3 . SRR e — 15 BT L B A% 1 ) 15 L
7 2R T S B AR AE S M e S AT 2 — (5 L B SR I B . 2 e I AR 1Y
UM, ToYERR B Ry 5 A R R

SCUGEE RAEIR S-S, Hih “BIRNA” TR BN,
PRSP G %S, “Baseline” il “RICS” B[y A{E AN HI5E 7 % 7 AL 0o 2 4
TN 2 AN BLSE TP A IR . WP TREAR LT3, RIS L BL 9 45, Baseline
(TIN5 (2% 14 0.683, i RICS [ FIMARZR LT AE . MR, BIRESLF
JENZS, RICS JAR4EZE{E M 0.976, 1M Baseline JLF A2 M. X THAR 2 M F,
BBt N 452 J5 , Baseline [ TMIHIE A5 (b 25 (] i AT RICS (0.329 vs
1.18¢73), MR ESL T IENEASS, RICS FTIARZAS (LI > K (0.996);
HECT S, Baseline FYTIINAER L% A Z 248 m (0.021). FHIt, SLxgs
SRIIE 10 AR SO 5 11 S SR A B A T R BT X Py 9 B MO, (A
BESE 1T WA Hh LS A 2 2o 3
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Table 5-4 Consistency Evaluation for Conventional Dialogue Generation Model

HEyFEEi%  Beam Search Top-k  Top-p

None 29.97% 29.34% 26.83%
Baseline 25.26% 17.28% 17.27%
RICS 18.84% 8.11% 8.76%

2 5-5 KRLBORHE A By —BoPE P Al

Table 5-5 Consistency Evaluation for Large Dialogue Generation Model

HFE  Top-p (p =0.5) Top-p(p=0.75) Top-p(p=1)

None 14.14% 13.21% 13.87%
Baseline 10.21% 7.72% 6.41%
RICS 7.46% 4.97% 3.14%

57.3 HEXHEER—EE

ARSI VAL EE T — B AS MR A E FLSC A 3 5 R A RR S RS A
BN A 1 0] A A T — SOt S HE T AR S TR AT — B AR . ARSI ER Bl Nie
4U127] 6% BlenderBot (BST 2.7B) R Axfif AL iz, HLAAE, BlenderBot
Wt N ANEISE, SR JE R I TR AR B A ) — B AR 4y, AR s 1 [
AR REH . BJE VAL T A A g ] 52 5 G SO iR SO S BRI
e, AT A, AR ess 3 FHp P BIGHETT : (1) A —ZekEHE
J¥ (None): BlenderBot {fiith 1 ~E5, ELEAVEALITA A HBIA —SE 2
L (2) {8 Baseline #47—ZEHEF (Baseline): BlenderBot & i 10 /1]
52, — SR A Y Baseline 1155 [ &2 (1) —Ec45435 (3) i H] RICS #47—
BT (RICS): BlenderBot 4ty 10 AN[mI5E, i F— Al AL RICS 5
152 i — B4 o eAh, XA _ESCEdE Sk T DECODE f#) Human-bot il 84 .
PEBEZ AR 1) )5 PR IR B R 4R T 36 _E S0 2 28t N i 5 25 4B A — 3L
Il , BeNS R EE AR BL AN — BRI SR A M PEAS A 5T 35 14 YRR X
T A A E W R — B A R 1 520 . BlenderBot £1%F 45 58 X1 b SRS A i el 5
i, BT =g T BRI R (Beam Search), Top-k RFE. PA K Top-p K
o XTHERIER, K/ (beamsize) k105 T Top-k KA, k=405 XfT
Top-p KA, p=0.9. AL FrA—ZPERMEIAR ] Unstructured Approach,
A ) Bt 4512 ) RoBERTa-large #5241,

SERAERANRAG S-4FR, G5REIR AT th ) A A R T =R R
BE B PR AE B R 2 A — S bR . bR E] (1) A —2orEHE
JPASALE) (None) , i H— S0 AR A Baseline {154 1% A4 BiA% A BlenderBot
A —BE ARG FFE, B 29.97% vs. 25.26% (Beam Search). 29.34%
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Table 5-6 Ablation experiment results

| Accuracy Recall Precision F1

RICS 75.55 58.59 89.43 70.79
w/o MinChange 72.12 51.05 88.23 64.67
w/o Complete 73.69 57.06 84.15 68.01

vs. 17.28% (Top-k). 26.83% vs. 17.27% (Top-p). (2) FiIt Baseline, $&F| ke
Je ) — Bt A AR AL RICS #E—25 (#1145 BlenderBot 4 i H AN —Z0 ) [1] 52 B 4 0
/b B 25.26% vs. 18.84% (Beam Search)., 17.28% vs. 8.11% (Top-k), 17.27% vs.
8.76% (Top-p) o ik EL#EMH N TARYEVNZRERHI 2R R A2 (Baseline)
TE B s R S5 R B AN S HER . SRR I B A LS s R Y
b, BENS A B AR A B — BSR4, AT S A i AR S R
G I — B 2R

i —2, ASLEGILPERE T Vicuna-13B fERXIEE SiAL. Vicuna-13B 7E4:
J Il 52 s sy = A Top-p R, AL 5IEXT p=0.5, p=0.75F1p =1
FEATINR . LIRS R ANFAE 5-SFUR, SERE R (1) HHEinRBEUA A2 gext
AR AL AN — B R LA TR TR (26.83% vs. 13.87%) , {H@R
A SE A, (2) B —B R ALEL (Baseline £ RICS) X [nl5g 41 7— S HE
FEAT SR BEASHR TE XS TR AL 0 —B0hE 3 R P AR B — SO EAG AR 2 5 A HABE XT3
PTG AT G 2 — B SRR AR R AT R %% . (3) HIEL Baseline, RICS 134%
REMZ I — 2L (fi15 Vicuna-13B ARHY i (1R — 20 Bl 52 G B s /b . ik eI AS S
W A R AT 1

574 HEAMESER

AT i Ik S SRR A A 1 A AR P AR Y W B R, AR S AT
TPAURJEA L (1) FEIA M R R L, XA —SREA R —8obe A, 155
SREALIN BRI 15% B91E CRIT, BT Ik Rk i ME SR M A 20E (wio
MinChange) ; (2) ¥ SCEFSEREAK), XF 75 2B BTG TEA R FH1E LR Iu#R
N, HIBEMNEAGTEE M ERES A B BN ZS , T IRk R b is iE e e 2
AR (wlo Complete) . AT SZEGHR 2 5T RoBERTa-large 2544 Unstructured
Approach [5EY). SEERESRAEFRAG S-6rP 45 1y, WEREE IR & A PRAUEATAr] — 0
JE R AR PERE TR . ANRIES/MEMURE N (w/o MinChange) B, KAz
PERETE Accuracy F5h5n b I T 3.43 il FEFLAEFR LRI T 6.12 458 [FAE,
ARG EE RN (w/o Complete) B, A IALAYAE Accuracy F8R b RE T 1.86
A, AEFL 380 BRI T 278 S pie Xk T RS SR AS A 18 i AR R )
AB R i DU 1 S A P D DU AN T B Y

78



85T ETIE O RRRE SR T A

5.8 Ihgg

ARTEHE T — P A TR0 — A AL 55 10 S SR A T VR . M Y
S SRR ] T Gl — EOMEAS A R0 O ¢ R KR, 8 TS A LS ) 37
SN RPERE, WERTME AR A R T RS ROk, ATTRE
SR SO T3 TR SR G FP ) S 2R T T 0 R 2 A ST B T BN S A R Y
T SCHTT, P WTR L SR BF JE BARC T JE N A ARG T A —EokE
A, Gl M B BEGERE A AR A S ) fi D WO AH ELF T B TR TR A 2R R Y S
FELHEAS T —EUEAS, A A EERLAS I — XA BP9 SR TR AR
W I SR SEREAS . B2, IRA SR SEREAR MR A K I G BUA B XS —Eork
R A2, SCER AR ASSCHR 7 YR RERS A RO e THAG IS A E L 5L 1 1)
TSN RPERE, BIERTMG IR R A 22 57 T R SR, FIR, Xtk
BEMS (A5 A i m] 52 B4 M0 A2 -5 50370 b SC AP AT SCN AR AT — M2 3. EAD,
AT SR B B R AN TR 3 1 B SR A RS A RO T IR 2R O 9 AR 4L
FEFFR L AR B ST i N A R
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6.1 MIRIIEDL

TR i R ST 2 A AR TE AL PRI AR R AR RIS 12— B
KB SN TR AR DA S m] T SR BT P e IR e 22 1
2SR BT O G R GBS T B (it . T HOR TR SCA AR BRI PR
KR AEATAE T O 3 B B @M AL ILRE Sy, R B 98 1 B e
I R O R PR S5t sk 3 LA IR AT IO RS L, BRI XA A5 Bl AR A
AR AR A, JEHGR T AR AR A . R, AR T et
T ARG BB TE LN A T N SRR v 5E o PRAR AL ZR i AR, ot
AR E AR 15 o (RIS, AR RS o] 52k 30 A MR 378 Dy 52 (78 SO
ANREEHTE (EIOREE—B0) W2 (i T I i A e 55 2 ek, H
TSR 8 S B AT Y 7K P A AR A — Bt o AN SO R G i s aed A v o 1
WA RBEEPRERIT THFTE . BRI, ASCPAREEZ “TH 30 AN YIA R,
AW TR AR SR EYE , HAWTR AT XRAZIE-S AN, A2 A Bk
AR AL TR BT S8, BT T AR PO AR G e A A I
AL FEBSER T =AW TAE: (1) DFEEEHE R TE SO AR, $2 i THT
R B A TR (2) DR IZR e mis KN, R THET
T SCRARI RIS 3207355 (3) DFITi 2 B SZ T8 AN A — B2, 4R
TR SO R — AN 7 YR . AN S F I N A A TR S T

Lo X3 ORI o 2R AEME R )AL, AR SRR T — Pl Oy
XHE EISAE ROE, HT Bon B2 G0E SORGT RAR . DA OE X2 HER I .
BIG, IR T 2 SRR, R L SO T E SR R 4
F R kK AR ISR Y FE RIS RS . AU A ST AR T
H Az o] AR SO e SR AL 1 IEHE S . K, 20kt 7
Wasserstein H gfida, e PUALAS 55 7 Chff Or T AR Al 1] A2 1) AS (7] 18 SO0 e #R fig
X R BN [ ) s e b, - HLIS A ) v S s 40 % bR RO AS-E  EAE EAY
AR BT RE R IR AEORAE TR SRS L SR S B 2 RN R T S
TR AR A, REA BV R IR A v i 20 SCEHSE T ] 52 0 SCARBLEL AT ] 22 4
. RAAEMEREP B, AL E e RELIERRCRAS R SO 4 B 28 & 70
PR ERARIREUA R B AR, B E Rl A s LN A2 HE R [l
SIR AR R IA R A OE 2B L HER AT . RIS e R 5 ¥k
RENS A RO AT R 75 1Y )2 ZhE SO K R

2. T INAESEE XA FER R, ASERE T — R SR 2R
PEHESER TR, NG E R IE_ESCY I 2 B AN RE S A . FLAORIE, 205
RGBSR SR, e 0 P LR 2 i) R 2R A A2 vy i S A R
A SRS A, A PR AN R T SCA R AR AN [R)TE S Il 52, e, 1%
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RS SRS 1] A A R B e B T AT S R S ER Y 5 A DR RS, R v
AR UL A B S AL 24 Wi PR o UK, A7 T A O o 0 i+
RS KR B RS R A A R TR A . O E RS T A
FAERTE B 3CH Y ST 5 AT B T A il el A2 A7 A BEZ IR e RS G &R . il
L R SO REALIERE— N S, IR AR A B Ay L A df
G PR BT U, MR AR & . BEJE e SR & rh F000 BV R] PRAIEAS 2]
(O AT T SCA A e e 2%y YA AR B (4 7 SCA BEAE 2 i R0 o
PR Y 3G A FTE SR 152 . FERR 2 B ISR Sy IS s, ik st T
X Ji R 2 B e PR R 0t — 20 e g e o LA BRI i - B, 19T
WL S Ks -5 B e BR8N S5 Il g 8ie . SEmai R
W1, %7 T LAY S A AN TR TR SCRY e R el 52, o FLRERS AT ROt f T Xt it A= il
AT LA AN, SE XA SN2 N N SRt th REAS S TH T8O 4 T 1l
155 R i

3. XA E SO — B E A AE AT R L, ASGR T R
SCo3 PRI RIS — BRI 795 o M A8 S SRR AR T G2 A A A 2R 0 O 9 2%
AR, $E MR SR 3 5% T RITERE , B B TR A e e AT 22 5 T Y
B IR SR SR AR R S H S AR iDL TR N, i
BB T REDRYF G N2 U IEARFEAS AR A4S o FLAORUE, 07V B S5 R TR X
O3 TR YRR ISR R 3 v B S 2R T A R 2 ST T A= S AR R TR UG,
TR L B STA P BAMCT BN . REXTA—ER A, @
I 3% B (AR AR AR 285 B 2 i e /D R L7 A T SCER T2 A B R L A S 2 SR AR 5
XTSRS, AR A RIS I — XA L2 JE A T8 SCER T AT 3 . f e 2
FREA . HA RS 1 — 5 SO R G SCHIC. i T 8o X 4
SR SCERICEGE R, AROFTEM 1 I HOS R TE R UE— 22 B,
T IR A S AT S 3SR R i 22 5, I iR wioh
CIPANNE 67551952 - SR W worioti= 27 TR S UBO BRI A6 0B /1 €% S GRINPAE BV E /X (B i
A G Bde e8RS SRR R REAS RN ZRIUA 1w 58—tk
B . S 45 SRR I AR SO MR Y 5 Yk REAS AT 5 L i T A S 2R B S 37 5%
THYTERE, BIER TG E R A 22 5 T i B, HIR, X R e
(A S ] B 5 0 3B SR R SO A TR — 2R

62 KEIIERE

ARSI PO 28 S8 T I Wk 4 = O 8 ) AU T T F 9, 4
T AR AT 58 o AH AR T O 3 R G FAAEAR 2 R e i) ). AR
SOLRTICRTAE, 456 H AT ChatGPT MBI A, FE AT JLAE:

FETBCORE R P IR L BE Rl % o 2 ) 2% 2 B M T RS Py ST R R
ALEESNURE I, H BT SCHIXT R, AR i) iR AR A AR OB, A
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R i h IR S MR, —BRSARE I, RANAH 154
KA, FHH BT SO AR AT, BRI )R EAR R A, A
FEAANR E P, TR I T L) . £ ) 43 SR N R4 6 (Intrinsic
Hallucination) F14p5%] 4% (Extrinsic Hallucination) P K2, Frid NEbZ) o, =235
A Y [R] 52 55 004 D s B 5 B B AR R AR i, I T A —EO % .. A
U, o] G RIS R G AR — B I AR, DA S Gy T e A A A —
IR AR EFRERIRE . Frig R4, &R IF o i R g4 i T A
HRFE S NES , (HICR R AR RIS, RN 5 AR PE AN S iRn . RE
HPERZIEE iy 1O AR U 2 FE NG B, B RES RIS I PRI E R
KIPAE BRI PR B S AR E A BRI, A fer i v A T aiesont 3t
RO RS SR — D IR R e B R A i AL AR L e R R
S NGREAR T2 A fm] v 204 AT Sl Ay 32 v Jo 1 ) 8 AT A8 S (LA S Y Y i) A
FLUR, WP TE X 22 ARt s J ) o P A, A B e b A 7 T 4 SOA A it
ARSI J35h, BEBIL S PR — B R s v, A3 H Rt
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