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Abstract

Abstract

Open-domain dialogue systems refer to meaningful dialogue in an open domain.
It is an important research direction in artificial intelligence and natural language pro-
cessing. In recent years, with the construction of large-scale high-quality dialogue data
and the development of large-scale pre-trained language models, open-domain dialogue
systems have made great progress. In open-domain human-bot dialogue interaction, the
performance of open-domain dialogue systems is not satisfactory due to the high diver-
sity of dialogue process, frequent exchange of dialogue information and long dialogue
interaction process. These characteristics lead to the problems: open domain dialogue
system context incoherence, general response, knowledge illusion, context inconsis-
tency and other phenomena. Open-domain dialogue systems essentially want to be able
to talk and interact like humans. In the process of dialogue cognition and learning,
human beings need to fully understand the dialogue logic from the dialogue content,
obtain relevant knowledge from the outside world (including visual, auditory and tex-
tual information), and keep the dialogue consistent. Accordingly, these phenomena can
be attributed to the following problems related to human cognitive process of dialogue:
confusion of dialogue logic, lack of relevant background knowledge and lack of consis-

tency of dialogue.

Focused on these three problems and simulating the human cognitive process of

dialogue, this paper carries out the following research:

1. Open-domain Dialogue History Modeling with High-level Semantic Infor-
mation Flow

In open-domain human-bot interactions, due to the diversity of dialogue process
and the difficulty of understanding the dialogue logic, open-domain dialogue systems
often occurs the phenomenon of logic confusion, which greatly affects the human-bot
interaction experience. This phenomenon is attributed to the lack of modeling ability
of open-domain dialogue systems to fully understand the dialogue history. At present,

there are two main ways of open-domain dialogue history modeling: flat mode and
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hierarchical modeling. In the flat mode, concatenating conversation history makes it
difficult for the model to capture relationships between sentences. In the hierarchical
modeling, the conversation context information is missing when the conversation state-
ments are encoded separately. Therefore, this paper proposes an open-domain dialogue
history modeling method based on high-level semantic information flow to alleviate the
confusion of dialogue logic. In this method, the context information is fully considered
in the low-level dialogue representation and the semantic information flow between the
high-level dialogue representation is modeled. Thus, the content of the future dialogue
is planned according to the existing dialogue logic, and the history of the dialogue is
modeled. On this basis, the DialoFlow dialogue pre-training model and the flow score
are designed to demonstrate the effectiveness of the DialoFlow dialogue history model-
ing method introduced in this paper in the experiments of dialogue response generation
and automatic dialogue evaluation.

2. Multi-modal Knowledge Incorporated Open-domain Dialogue Response
Generation

In the process of conversation, people will acquire various modal information from
the surrounding environment, such as visual information, auditory information and text
information. The multi-modal information is complementary to each other, helping peo-
ple understand knowledge and engage in dialogue. Conversational chatbots can produce
generic or incorrect responses if they lack relevant knowledge. In order to make the
open-domain dialogue system have the ability to understand multi-modal information,
we incorporate the multi-modal knowledge such as video, audio, text into open-domain
dialogue systems. We mainly focus on the lack of multi-modal dialogue data and the
modal fusion difficulties and propose a universal multi-modal transformer with three
training objectives. Experiments show that the general multi-modal transformer model
proposed in this paper can effectively fuse multi-modal information in open-domain
dialogue systems and generate smooth and informative dialogue responses.

3. Automatic Evaluation for the Consistency of Chatbots with Inquiry about
Dialogue History

At present, the open-domain dialogue systems can generate fluent, diverse, infor-

v



Abstract

mative and context-related responses in the process of human-bot interaction, but there
are still many deficiencies in the consistency of the dialogue, especially within the dis-
cussion of ideas or facts, where there are often contextual conflicts. In the process of
human-bot interaction, inconsistency between responses and context will greatly affect
the experience of human-bot conversation. Consistency is one of the basic require-
ments of open-domain chatbots. An effective and efficient evaluation method is needed
to improve the consistency of open-domain chatbots. However, the current evaluation
methods rely heavily on manual evaluation which cannot be repeated, and there is no
effective, efficient and stable automatic evaluation method. Therefore, this paper simu-
lates the process of human repeatedly asking for confirmation information in conversa-
tion, and proposes an evaluation framework for contextual consistency of open domain
conversation system based on inquiry about dialogue history. The framework replaces
human-bot dialogue with bot-bot dialogue to greatly improve the efficiency of dialogue
data collection, and inserts questions related to the facts or opinions in the dialogue his-
tory into the dialogue between chatbots to verify whether the chatbot can maintain the
consistency of the context. Experimental results show that this framework can effec-

tively, efficiently and stably evaluate the consistency of open-domain chatbots.

Keywords: Open-domain Dialogue, Multi-modal Dialogue, Dialogue Consistency Au-

tomatic Evaluation, Dialogue History Modeling
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Figure 1.2 The framework of retrieval-based open-domain dialogue model with deep semantic

matching(Zhou %5, 2018¢)
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Figure 1.3 The architecture of attention-based seq2seq model(Zhang %, 2018b)
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Figure 1.4 The architecture of hierarchical encoder-decoder model(Serban 5%, 2016b)
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B 1.5 T2 E M Transformer BRIZEH] (Vaswani £8, 2017b)

Figure 1.5 The architecture of transformer(Vaswani <&, 2017b)

BRI T 2017 F5ie 7 — AT 52 aE R LI . AT LA TN 2RI
T 23 51 Az BATESS T R AR Transformer (Vaswani 5%, 2017a), 1A 204
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WMENLSER, 2R HES: T N DR dnbd s RS A 2. 0 T 2ht as
SRift, AP L LEE S (Multi-Head Attention) T ZFIRTHAZ ML (Feed
Forward) T-Z#k, FEZJFEWHIT T5%Z (Residual Add) FEIERE (Layer
Normalization) #{E. X T by, HEMREEN St d, HErLek
Na = WAl =N i e K S = el 1 1 AN £ S S bl s N N E T T TR e T
W R TE NGRS, N THIERNEIAKRAE R, a2k
HEES T2 RAHENER (Masked Multi-Head Attention) o 1T A7 (] T
TR, FEABSGIEIRRNE W 2 —FEXE S o B 5 SR RE Ty, Rl
MG T ESwhS (Positional Encoding) , {8 3T AR 09 IE 9% A e fll v 5% A7
R R FRLA ) o B S T AT, SRR AT G AL B A R A RE

PE,; i) = sin(pos/ 10000%/dmoder)

PEo50ir1) = cos(pos/100002/moder

Horb pos N A HTRIBVLEXS OB, @ XS HVRRAFTAERILEE , d,oqe AR
YERE o BT A IRR AN L AH R A7 B AL E 2 A A B 1A R
2 JAE R IR Transformer BRI E5H4 o FURCEE SERREER | S5H N1 1.6
N MTHENER Qv K, BV, 2RI i e i A [\ iy Ze kA2
t

Linear

Concat |

¥

L
Scaled Dot-Product J& X

Attention N
nl | l | nl |
i I - &
Linear Linear Linear
¥ ¥ ¥
V K Q

& 1.6 Z2LFEE ST (Vaswani 25, 2017b)

Figure 1.6 The multi-head attention (Vaswani %, 2017b)
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PRI 5 25 ] oV 1 2 DR, S50 IR PR A Y 0 7 T8 i
CIREET Ty

q=0QWp =1[q;:qs; ;4]
k =KWy = [k;;ky; - s k]
v=VWy = [v|;Vy; V]
o, = Attention(q;, K;, v;)

0= [01;02; e ;Oh]WO

Hf Wos Wiy Wi o W BERZRIEAS IIRCEHERE , Attention B4 RIFER
77 (Scaled Dot-Product Attrntion) :

K"
i (1.2)

Attention(q;, K;, v;) = sof tmax(

model

Transformer SCHRFFFATUIZRX 0 R Al BT, ARSI ZRt B it B A4
T RIAEE o TN A RALZE R A AR 551 R T IR K PERESE T (R, X T
XEA RIS, HEERAEED g B T IR (140, GPT2 (Brown 4%,
2020a), T5 (Raffel 55, 2020)) EFEA XI5 J7 50 P42l — M 7 91 SURVE N 2
s, A BRI R A E R A RO, SR B RNN
Z5FH) Seq2Seq ZEAE—FE | fEAL A B AL AL U BRI, 1 S T AR 45 Zhao
£ (2020); Dinan £ (2020a); Bao %F (2020b); Liu % (2020a) %5 .

123 FEWHRHEE

TETBOEHA 15 2R FEE I RERE 5 A T3 B, B TA B IE . RL,
AUARTER TH RO 15 RGE A AN EARES, 485 7 B B[R] SRt P&
WARNE 2 B A R B AR 5T 8. 480, JFRBOE IS M RT TR R 5 KB
PR LA TT 1A :

1. RERIET ST S B B 6B

W KT G50 5 R BRI A J8 , AERTIR AR AT, X i AL 1Y
KHETN R E S A 40 DialoGPT (Zhang 4%, 2020a)~ Plato-2 (Bao %%, 2020a)-
Meena (Adiwardana 5, 2020a)« Blender (Smith %, 2020a)~ DialoFlow (Li 5, 2021e)
85, FHIATES TN RIS KR« TONZRER B A e (015 — Lo B Rl )
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AT LA, BIAME a2, MR ZAESFIRME 7R ERE . T ZREL
REZEN T BAGA RH) B, W4 & AR 15 R % R VM55 1Y
B i D (1 1 = R U AN £ KSR S AN R X AN : S

2. RIHFTHOEN B R B AR E

XPIE RGBT NS R RAIR, A REAE S H P S A B R X i
BEFT N o ANEEAGE R, (515 LMES 3G R G B FE R BUE 2,
AU T8 R GRS AE o H BRSO 15 R G685 | AFHIR AR 58 3
MAEEER TR R NI AZIE R BN 2 BEME B, WAETTF 8 Y 5
Hh, TFIOEON 15 R G 75 O A [l BRI HEA 7 SRR , B SO B IS 2 W ie
HE%. HErEMR L5 T/E, i Young 55 (2018); Liu 55 (2018); Zhou 25 (2018a)
T AR S 7 S0 M R IR ENIR S | ARG RS H . Ghazvininejad
&% (2018); Han 55 (2015) B2 T SCRYRIRIE, RELEE KRG MRS UK
FUR, HEBIEE A Li 25 (2021b); Fei 25 (2021) 2404 25 H A, AL
I RAGSET ARE R S

3. RIHFTHOEN 75 R G R AT G B

—MUFHRE RS T BRI G SC— 20, XA RERRAS P RIS AR AN LT
B /SO HE RS A O S S S, B ATROXE RS
Al —SEM R FEAPIM T R Aaii2Aai. irE s a
5 B gmtd al— N Baat M it (Li 55, 2016; Yang 2%, 2017; Wang %5, 2017; Zhang ¢,
2019b); JaE —MURRME M AOEESRER (PIanik4. Fild. TEA. BREE. EiF
&), MiERGEEEREFEAHNAAMER, A2 54 RIS (Qian
45 2018; Zhang %%, 2018a; Zheng %, 2019)o X THiJG X —280ME, B T/EFE
& BT ARG BN SO B SRR AR — 2, B E|Welleck 5% (2019a);
Song & (2020a) KA _EF 30— MR HAATE S HERE (NLD [R. 2021 4F
I, Nie 5 (2020a) AN THARTE 7 — /NI 15 i oA AR 48 A TR kX —
W7 R o

4. ARACTTICE 3 B B S T

AR % ok B shit Al e Bt — ARG ARE @RI PrAG T, H)
WO % R G A Y B AR 1 25 R ERIEIR, B ARIARI & AR . H AT
R ZHFE LA B TR B0s00 5 J5t & B 2744 7730 BLEU. ROUGE %6 #l4%
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FErb e A PEAN R R SE B R JT o R BOEN I B A — X 2 iR, BlR—
A ESON I Z AN FTRER I, R, BRI T IR AE A RIS 5 255 B A
BLIEE A 7 AN T 2R AT 55 o 5= A R R I %o 3 i 1 B0
PRAG TR BRI T OO R RE G T, B AT —LeF R LA A5
R -5 FH 2 AR B4 75 A TR B Pl ST e Ra i 2 m e
WOE SR 138 1 o Mehri F1 Eskénazi (2020a) $2 H 11252 RS PEA X 1% AN
[FI4ERE, W B SCHESEPE. ARMESE . Gao 55 (2020) SE1L T £ F GPT2
R MR R R G P RS TIINSR, DA IR E m S A28 A k. Li %
(2021d) $2 11— R B E R R —ECE PR RESL o JTTBOEO I DAl A R Y
Pelo R i T -5 A FSARI S BEARSC T 73, T B AR A (1) 78
NN, BREEHR A LA EE (2) BERTS S RHELER, A i it Al HE
PREL A AR AR B RN 2T 15

1.3 AXHER BERANAFERE

,,,,,,,,,,,,,

| Explicit !

i Knowledge | Action [
------------- i i
Graph | a, response | Read
' Document | %
| Persona |
Image | Q

Listen

O i /\ i Watch
Video ‘

Meme @ Interaction |
Tl O i \/ i

FTTTTITT T e 1 - ! Memorize
! lLatent | (({\(\Q ! question J
' Knowledge | S N
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______________
| Dialogue Logici
: Memory !
! User Profile 1

,,,,,,,,,,,,,,

Knowledge Grounded Dialogue ‘ ‘ Learning Knowledge from Dialogue H Automatic Dialogue Evaluation

B 1.7 A AR I H R RS R

Figure 1.7 The cognitive process of conversation for human beings

B 17R0R T AN E A RARIERE . ARAEXTIEERR T, BB W 3530
T, T MSNFIRIZ R Z AR RN, IRl SEHa7s roe s SORRAIR, XLt
FRRAHA A, PhBh N SEBEAT RS B B SX35 [ A2 AT XS S B R e
MM BSACIZ, B LT TR, B R RAE] H R TE H AT
TR 1% R GEAS o L a2 BAR N — AR BEAT RIS 1L, T AT R 7% R Gt
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BE NI B RIH LR P EBICIZ, SRAERH RIS, BT KIAIEE
B, RSB o T, 2% TR S B AR Y
BT, TP RS R AL, (AT A A s
PRI

1.4 TEWHRES

JUETT AT E RGAE 2 MR 28R ERR AR, (2
BUAT OO T 28 X X 3% () AL A A3 SR A7 AR AR 22 i B o AR SC = B M/
T3P FE R A A SR AR AR %, B IR IO 3 v iy AT LA () gt
FIit5e:

1.4.1 FHUBXTER X TEZEREL E)

T RO 16 2R G BEAR XS 0 7 S, AR A B RIS IR 2 o (B AESERR Y,
FERE, PR R IS B3Ok AT AMERIERNILER, S0
NEEERELIRL fln, XEE O <HAE T «<EIETE 4>, R EREE
RO, XSO <TRIAEIR RS BT A WIS R
FURGEIAAE LN, MR WA TR RSS2 AR o 2 A A AR I T
ST T AR GRS R X T 7 SRR RE I AE T MO TR A o] S IR A X
. H RTREE RS TR A AR AN RS Y i, T RSSO 14t 2%
gen] LA RO AL BE ARSI, (IR T 2 XS0 AT A 1R SO R B RE AL,
FETCHARSY M P 2 BAR BRI TRIE 8], S OIS [ E A2 R AL ) . B DT
TR 1% AR GE T AR AR L () 18 o B X 10 7 S AT A A AR, AR I
TR R B IE A RS

142 FREMERFHRZE R HMIREE

FENE I RE T, P AR L 585 FAREXIER, flanH R
R B A AU, BSOS R GREIX SR A TR o AR R SR
FIXLERIIR AR AR S A i A 1] 5 s A Al & B R KRR [ &, il
“FP: RER «EMETEE 4> B2 XHERSS: REEEL. "B T RER
CEMETE 4> D2 IHERG: PR E UE B KK ER S E .~ XL
PRS- TIE R G = B RATREEA AR B RAR, 2 FEOHG TR
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SERCN P S R AR N ANTAE H 05 28 2 I BRI R AR B 2 R 2 4
HURIR,  RPREIT OO 3 R 48 B R R 2 IS By, KRS AR L
2K SUR (Bl SO BURSE), B (PIanels s GLImBciEsE), U (i
o JEOUIAE), AL (BIINE IR HAAAESE) o 2P BURR B RIELUK
HIT AR, Wi ZA R R R T2 AT, AEAERTRAREE X EEL
D, ZRS S RIRRATRFOR SR AR . R, A Xl R aeh
BRI ZXEERTR, A fditss 18 A5 St iy el 22— B A Al

1.43  FRUEIER G AR — B B 30T b 3 0]

NI B, B — 22 R EEARHE, BRSO —He il
SN A E RS HAT, JFRUEo 16 RGNS R i ml LUAE B H iR
Wl ZFEES AR SR SXEI AR A, BRI AT A S 2
FIRFAEREZA R AL, TEHARTE R T W B L 227 A Rl Ji S €
LR o TR T R GERT 5 SC— B R s A TP R P T 20, B R A
X R GERT A — 2 B AT SR A T SR N TR . EOtEE A TS
X RGERATIIE A, Pl A TR BOM R AT PR 15 2 R SR BT A
B SR, AN TRRGFEISFES . iAGE & TRMEE, IR ES 25PN
N TP BN RE ST A I o SR = — R A R EL = R I SO 1 AR e R s —
S B SRS 7 5 BRAR T T RO s AR iRE T YA 52 T

1.5 EEHRAR

ASCEFMNNFSS TN RE H &, SR _E SO AT 080 3% R G4
FERRE Ak, SR T AR AR ST R . BAADESE TAREAE

151 SIANBEREXERRIERLER

AR B R RS U B TR 7 50 EEASR 28 5o 1 IR AL Rl
R T TR AR E X TR A Al 7e 20 28 R B SUE RS TR R B B TR B A [R]
MRR, ZAZGAFILRE < AR B REGRELIE 2 5125 R R — i [ 2 X e (R
XG5 (Brown-Schmidt F1 Konopka, 2015)” Ji &, ASCHEH T DialFlow 15
B 5INT > Flow BEE, RO IE & EE UE B, TR IS/ & 8 T7
], fg X iE R A e IR AT, A AT LIORR i Py s A B A T A B
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LI FE 2 A TG BRI ST AAR A S TT 18], IR 1512 R L Y [l
152 FIASESIRAIFHUEXTHE RS £

ARSERHE T — 13— K25 Transformer HEARAG Z B HIR G| AT 1E R
GErp o AL XS 2 AR AR SR A (IR, AR T 250 S AR A LAl 3
ZHEHIN, REBOT T 2FISMEF (R 2SRRI R S G . B,
AICGIN T I SRR S, Bt TSSO T AR AT 20, R0 AR
TN FAREN SORN FoRz3 1], [R5 T R )| 5 B kA7 [ A2 A
Py AT A SR ASE . AT A A = P55 177 >0, DA SRR & 4005 2
HIORME BB E ZR o EEIXRT, — T AR T AT R R X T AL
PE TR, 73— 7 AT LUV RO AR 15 A i 5] AN 2 RS AR

153 SIANEIARMFARBUEXE RS AR — Bt BT/ R

A SRR PO S B A AT e S N TIPS FER R A s iR
PEZ R, $R T — Mg R A TBOE0 % R GeHTa — B EPPAGHEZL . iZHEZR
ET IR s N SR Las NZ [RIRXSE, #HET AN B R T E S
JEA [RIRY, SZAE QRO 58 B A 48 5 7 A Rk T S i e A — 2
A TAIR, AT N SR AR X1 58 LG AR i i 38 () B A B AOAT g, 33 T IRl
A, M PR A B A X R P ST A R AR AL g A2 A ) LA
RIS R L IX AT 30, IZHES T IR A I RN A, i n] LA A2
ARG FERPA R

1.6 ETHA

ARG

BT IR RAETFA e ROUMBRILR, /47T FEHCS
X RGO MR E RO, I T A
7.

SR AR, HEHOR 7 o 5 B OR T (5 B,
T TR B BT ORI, AR AR BT T H
i, T LIKKHETHBUR AR 7 SR R 2 Ak e . T O
T, BB T EBH M H AT Flow 480, BOKIRTE T FFRUATIR S 105
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B B RTRCR .

O =R RIS RGEPEIA T E2HSER, STET IR
R OS5 [ 2 AR s, 30 7Nl 245545 Transformer FU 124>
ZESMEINGMESS, BRI IR AR B Uro. SURBIER, A8
. AEE R ERE

S8 VU BT TP OO T A LA A AE S IR Hh BRSO — B,
ST T A T3 Py S BT RO R AL A A BT SO BU A IE SR . i HESE
ATLVERE @R A BT BOsO b L g A BB 30— 8k

BHERES ARSI TR, FHXARRBIBIFTT T TR
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B2 SRR UG BRI IE P RS

$2E SIANSERENERREINELLEERHAR

i

2.1 5]

TR 25 77 75 (L8 4 B (Devlin 4%, 2019b; Radford 5%, 2019; Brown
£, 2020b) 5 KM S PUiE SR A B HE (Dinan %, 2019; Baumgartner 5%,
2020; Smith &, 2020b), JTHUIEXIEMEE A (Adiwardana 55, 2020b; Bao 5%, 2020c;
Smith 5, 2020b) PG S pTEBERE . SRTT, FFBUEOIE REAIRE S I BT
TCK B S A RIEE R EIRELATIN G o XL ™ A 1 JE AL KA TR
O E REARE ST A FRARX R P S rh A, A2 RS R NG EAl
FETBCEION 16 2R G870 53 AR 16 D S A 8, iR ST OO SR AT 0 175 g 52
BEFTFE I A

-
-

[ 2.1 X3 3 52 AP BT R AR R

Figure 2.1 Semantic flow across the dialogue history

DA AR I D7 S e AR B0 A I 2 o — 2 AR B 8 0 175 s e o
VE R g A\ FFAE o5 Bl &2 (Zhang 5, 2020b; Smith £§, 2020b; Bao %%, 2020c¢),
TR A o X T S AR B 25 s >k ] o 9T, Sankar
S5 (2019) UEH, PR Al AE <> S EURIY 2008 X538 Py s i g 2 (Al A B2 TE
XA . B, H—R TAERH 2 BB A X J7 52 (Serban 45, 2016a; Shan
%, 2020; Gu 5, 2020b). B S5 H— > 1R G m A A R R P s v B A 1 A Bk
iy, SRIEF SRS G R A RN A — )T dn e, TS B X
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FR o JXLETT ARG AL B X B A I B 2 6 g S AE R, TN g 01 R 2
FERTIE TR BB I, BRI T AR X5 7 50 A Sh A B AT T T
HRAFAEA AL o

AT NFANA R G &, AR TELRSNIE 2 71 2% & — A i
(6] A2 %o B8 AA G Y B2 ) (Brown-Schmidt Al Konopka, 20157, #2 i 1l 40 #r 44
X TETEA] T SR B 18 SR ISR E A0 3 i 0 30285 BRI 7. &2, 1T
N, AT AN RIS T RS I s BB 2R 8 SUNTEIR. (k) , KB
0 E SUNEFA IR BRI R ITTE SGE I (i B2) o AW TR 7S T A GO0
E DTSR SO AR o AR, AR TR TR A R T SCRE M AT LAE G I FH S
TS R ZE ok i i, Ok 5 2 Wi A0S 37 [T A2 B9 2R o

22 HxXIE

AT RS TR 1E R S ARE NSRRI R TE# T4, 5ARE
WA RIA =2 TAE: LZ80TEER XA B Il iy =2 B 2k
IRl T
22.1 BBIHEEERE

SRS DT BT R NS (1) PaipiE. X TAEE RS
P SRt AN S A BRI H (Zhang S, 2020b) o AR AR HR AR B
inl, TXE LM RTE T S B BB R (2) BIREEH . BIRE XS
7 S A A — RS . Serban 25 (2016¢) #EH T /2K LSTM Kb xt
DT SR A G R . Li ¥ (2019a) I T — g1 Transformer £514 K4
FRN I T 2 4 o Shan %5 (2020); Gu 25 (2020b) >R F 111145 ) BERT A&7
Xof BN RHE I A TARAD , FERH B A RS e i O IR 454 o 2K T
FEXS PG TR A BEA TR Iy, 2208 7 o6 D s A ARl S AR AR
H YIS TR ) LR O P S A O . X EETT ANEI Y2, DialoFlow
RS 3 T 6 3 S8 A RIS B A TS B B M5 B

222 IHEHERHRITRIZRER

WTAER , T 08 5 BB 1 AR O TS T AR AT B E » DialoGPT (Zhang
£%,2020b)~ PLATO-2 (Bao %%, 2020c)~ Meena (Adiwardana %, 2020b) F Blender (Smith
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£, 2020b) I AE OO G E G BI85 T Transformer 15 S8 SLEL T
SRR AE R RE. ML, ABFSRHE H I DialoFlow A8 3 B T4l kit F
BN P S B s MG B T, I E T T =gk B AR SRR

223 REKXIMEIEGHHE

H PPl g B O3 A SRR BT PR S TR o (A A O TR 35 AT
FEMER A, B AN RS SRS Bt fE g, s KRG AbrHER S, s
TETCZH G N B TAE R B ST & — D EEAT . — ok, K&
CTAER AN TRl i 5 S 73 B O i s A« £2dL, Mehri Al Eskénazi
(2020b) #2H  FED #F53, —FrEETHIZRA DialoGPT-large H8Y [ H Sf%] 1% it
Il fabr . BB BRI WA ISR KBRS R A R 2R, 1
N <SRRI, SRRV T X R PThl. JAT, FED KPP AR AR A 1
TRITFIRE DL N AN S BRI . AR TSI A T3 58 A T Tl
251 DialoFlow 18 | AFRENUERE N TLRIE, FZ Ak E .

23 BETFSEREXERRAINIETIZEE

ACHHHIIA DialoFlow BUBRIBEANELF, 56/ BB EIAIT, 205
SRR BRI F AR, SO A AT B TS

|_ Transformer Block L-1 | \

Feed Forward | |
i

Layer Norm !

| Transformer Block 1 | ‘\ \
1 LY

Token Embedding \ ‘\ ; :
\ |
\

‘v ' [ Multi-Head Attention |:

Position Embedding ) : 1 )
|1

|
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\\\\ : | Layer Norm
50 [0 @ - o
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Figure 2.2 The architecture of DialoFlow
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23.1 #BEZRE

FEVEAIA A DialoFlow L i, 1 B 26 L —2oRiE. FA L, 4 D=
{1ty oy} RS0 TRy = {ul, 02, ouT ), Bl ol %
TRE K ARHEP IS ¢ 0 KB R gy = (g, gy sty ) VEHE K
ERTERT IR o BEAN, 7R85 k ARERRT, OH T s RIS u gy, AT
HVEHE Cpo 55 k + | CURHEIIHIEST Cypy 555 & AORHTHIRTIESE C, Z G2
SEATLASE SR ke URTH RIS L, T AR

DialoFlow 8! & 5e gt i Jr 51 FHARIE A Z BTN IE T BB €, C,,
oo Cp TMAKRBIRITETEIE €, | o SAJGAERSTE B A i B, IR S
B EARE LR ), FO0 ARG R 15 SCRZ M AR S 5 7 50 -3 o8 175 [ A2 A o
BRI, tnE2.207R, DialoFlow fALHE I 7 HE Al GPT-2 A8 it — > Hfn)
TALH X 3% I A5 BB T A, I 5 I A=A ARSI 25 H Aok o 3% B
SAFE B X IETE ) S I 15 [ A2 AR

232 EEIZH

E2.2f7~ | DialoFlow BRIFEARZE, & B AR AZ. Transformer 2+
BRI AN 18] 55 AR il 2L o

1. AN E

DialoFlow AU IRIR A Bk AFIAL B IR BT E R A Ao 551
M, ZASSYAEAE RIS B R AR A — DN RRR I AE S “[CI”, FRA XS 5 I S i
BARP R RN o O 1 BSOS [R50 A AU 2RSS T PR 2R T Y B -
“[Speaker1]” Fll “[Speaker2]”o

2. Transformer /%

Transformer 2 H LA R JUDSRBEESIFA AL (ENIKE 2 LTE R MR
o AMHFEAEH] GPT-2 Hfdi R & IENAL)Z (Radford 4%, 2019), 1A ZfEH
T BERT B B IENIME)E (Devlin 2%, 2019b). K >AShoeybi 55 (2019) £, post-
normalization FEE A 1K/ NE < S EBO 2 A sE & MERE N % | pre-normalization
A LA B2 RS 1 KSR )1 25 o 3% Transformer /28 FH S0 X 1G4m RS, RBP4 A0
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MG TEA) ] LR BT AXE DT S, A AR AR B XS1E1ER] « DialogFlow 7
TE AN TED R AT N R AN 216 D7 52 - [ 2 0 Bt Tl 2k . X AT LAGRTS i
Transformer Z4sf3 1056 k G TEA) FTEE RN

C, = Transformer(u_,), 2.2)

Hepr ¢ WRRFRIC “[CT” AL B I ERHURAS . S A 4 T MRIC of, LB AL
FCRZIC N R o

3. @ik

N T ITEATIEE B B RS AE B, AR T Ak RO
LN WA 5 — 2 Transformer /2[R IAHESZ A 2 B
B EN3CAC,, Cy..., C Y EONRIA, BHNES (k+D) A1 C,,, KBTI

C/

!, = Flow(C, Gy, ..., Cp). 2.3)

5k IEE TN R T SO R] LA R

I =C, -C 2.4)

4. stiEE A A RE

DialoFlow & fE NG S MRS N A O IE Ry 1o XFIE RIS A e
BRI SBEF A softmax =, F TR ERBUIRASEAR NI/l 24 A RER « 1
BRI, AR AR A BERES by VRSSO, 26 ¢ A Bl YRR A0

P L u g, ul’) =
softmax(W; [I);hi- 11+ b)) € RIV1, (2.5)

233 & B#R

SEGH G 1 - X 2507 2R A, DialoFlow B AL S N A%
TPV GHEI TR R, AT T = NS R 1) XHiE
P S0 SCERR; 2) XIEIERA)E SR 3) R [ AR A

1. *FiE 5 L35 SRR

AT AR BN P 515 S, DialoFlow AR HEHT IE HY_EF 301 (Cy, ..., Cy )
WSS & AOXSTE € ALRITESE. $2Rok, KT BRI TR C M SE R,
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TEHE C, 2[R L2 BE /ML :

N
Lopy = ), 11C = CLI3. 2.6)
k=1

2. 3958 €)1 LR v AR
N T AR TESE C,_y TE n ARNEFTR N TE SCEMEE TR, AR 5T
i B A 3 SO 0, B0 T — I IRl R R AL

N T

Lsiy =), D log pluf ITy)

k=1 t=1
N
=— Z Z log fy - (2.7)
k=1 t=1
£ FORE 1 A ol AR w IO RER . E S AT R u, 15
TE A BT BRI
f = softmax(W5I + b,) € RV, (2.8)

Heb v ailas, w, il b, ]S48

3. A iE G A R

AR TE AR SO T ] LUEVER S k APRHERYTE S . A0
REFTIA T8 SR E X, 5 ISR A A e B, LASR Xl [ A2 AR a6 Bl A2
CIDASEN (I

N

Lrom =~ Z log p(u L}, uy)
k=1

N T

> log p |1}, u_. ug). 2.9)
k=1 t=1

DialoFlow HEMAIIZE H bR A -

L=CLcpy+Lsiyr+Lrom (2.10)
234 FRiES

WA B =125 HFR, DialoFlow ] LA HOHE 7 58 A A sh 2538 UE
. BT DialoFlow AL 2 rb i FH 18 N5 AR5, I r] LK SR A AR
AT T A A G & T T T o RT3 TR AL g A TE 18 f) ety R A 18 S5
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Wi S AR 2R 2 [ ) B BGBGIT , R A SR BET I, ARBFsSTe 17—
5T DialoFlow FUIZRER! 128 HAXSE H s e 2 Z P fa s ——imitor. f£
N-HLas AREE R, AL A=A — S R TR A g B, S0 I 2O R
A g PR BYFTINTE SCRENE 1) 5 5C bR TR U 1, Z TRl BUAREIE X AT LABEA
NRRTIE A S AR . O 1 83R SN TRl A RRADLEE | i bt-o0 A e
I b AR SZ AR BLBE AT EE AR AL

s = cos({I}, 1)) - len(T}, I;)
LI . min(| L[], [1L]1)
U T max (] T D
VR4 31 A HER DL 4 P22 S0 HE SR LB B FE R BT
FEXTER I b, VOTAMEET T — R, T AT PR R B A R R

(2.11)

s+l

1 M
Flow = 27 Zk 1025 (2.12)

Hofr M RIIRHLE NEBRIRAL, 25 FORMIMELE [0, 17. WIS (Flow)
MR, XTI B R

24 FWERSHIT

A SRR IR SR E . BRSPS SRR
RSB

241 LIEHIEE

XTI S5, SEaG P Reddit $EI8, IXEEPPIE Hr 88 — s, Hfimnt
pushshift.io A JFHE AL (Baumgartner %5, 2020). ASZEHIHE DialoGPT! A4 ] f) 4k
HIRAEX] Reddit PRISECHHIEAT T I5 k.

XFTRTIE AT AR R, ACSEEG (8 FH 225 FH Reddit MR AESE (Zhang 57, 2020b).
ZEARERLS 6000 1A LN BIE BRG] ARSLIAEX N EAEE BT
EFUJIZRA) DialoFlow 158 o 1Z ARG RIS T S B PRI R 1.47 #6. A T i
BRI A P S 0 T RS ASTE SUE B, ARSI T 55— MmATH
THBOEA 15 % 5 — DailyDialog 2B 4 (Li 5%, 2017), ZAURESERFEXE D

Lhttps://github.com/microsoft/DialoGPT
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LN 4.66 ¥ o DialoFlow TRIIZRAEAUATE DailyDialog YIIZR5E 1T 74,
JF1E DailyDialog 2 2% M5 (Gupta &, 2019) Lt/ 7 734

XA AR B B P Al ASEEE R TN S IUE B BRRTE R HOR
ok e —xHiE e B A TEAFEE”(DSTCY) (Gunasekara 25, 2021) FHUEE 5,
HAPEA T RA 11 DAHELE AL 2200 AN X TEA%HE, A3 A
THRE RO EEAR ORI PF > (0-5) 0 AR T AT T HT T 0 45 RS54
EALE ADUN BRI 2 MR SR T A ARRE SRR N A
SHUER ARG, A SRt N BST 04 4E (Smith 55, 2020b) H AL
BT 200 M ASABOME, AR IZIERTER S A E R

242 SLENEE

1 A AEREE

DialoFlow s& 45 T I 2R GPT-2 BEAT I Z5RHY (Radford 5%, 2019), KA Zhang
&5 (2020b) RPN TINZR T GPT-2 YIZRIY DialoGPT # L LI IG Ik 19 4715
%o ARSI T =MARF IR ST DialoFlow-bases DialoFlow-medium 7l
DialoFlow-large, ‘& 11532 M ZE1¥ GPT2-bases GPT2-medium. GPT2-large
IR R ARSEEEEHEA 0.01 BUEE ) AdamW {64+ (Loshchilov 1
Hutter, 2019) F1HEA 12000 FHGEEAT LM% S MR [ 45 o base 1 medium it
ANH)ZE S RN 2e-4, large MUK STHEER le-do X TRIAREIR/N, AL
B8 A 1024 FUALALEE RN, X base YA medium HAIEFTH: 22 4 1> epoch [
W2k, X large AL T % 2 4> epoch (Il 4. ASLEG R ARARENS:, H
W large BIHIAE 8 4~ Nvidia V100 gpu IR KL Z WA H 19HTE]

2. x5 A R AL B

1 Reddit £ 2% 554 I | ARS8 % DialFlow-medium #7F1 DialFlow-large
R P AAE 2R (BORTEEN 10) , £E DialoFlow-base 8 FoR T i 288 55 |
5 (Zhang %%, 2020b) {4540 . 1£ DailyDialog ZUHE4E b, A S256 X T 21
DialoFlow 71 DialoGPT #7401, M4 LRV REIEFRASAAE 2 225 i 4 b
BEATIN, SRS RAE R (RORTEE N 5) BEF TR .
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Table 2.1 Automatic evaluation results of dialogue response generation

K 2.1 MIEE R E BTSSR

Method N-2 N4 B-2 B-4 METEOR | Entropy | Avg Len
Multi-reference Reddit Dataset
DialoGPT (B, greedy) | 2.39 241 | 10.54% 1.55% 7.53% 10.77 12.82
DialoFlow (B, greedy) | 2.88 293 | 1534% 3.97% 9.52% 9.27 1543
DialoGPT (M, beam) | 3.40 3.50 | 21.76% 7.92% 10.74% 10.48 11.34
DialoFlow (M, beam) | 3.89 3.99 | 20.98% 7.36% 11.46% 10.42 13.37
DialoGPT (L, beam) 290 298 | 21.08% 71.57% 10.11% 10.06 10.68
DialoFlow (L, beam) | 3.90 4.01 | 21.20% 7.42% 11.48% 10.42 13.38
Human 341 3.50 | 1790% 7.48% 10.64% 10.99 13.10
Multi-reference DailyDialog Dataset
DialoGPT (B, beam) 228 278 | 18.83% 6.63% 15.5% 9.80 18.82
DialoFlow (B, beam) | 3.65 3.84 | 26.47% 10.12% 16.1% 9.62 12.00
DialoGPT (M, beam) | 347 3.65 | 2539% 9.99% 15.9% 9.64 12.88
DialoFlow (M, beam) | 3.80 4.02 | 27.63% 11.33% 16.7% 9.83 12.06
DialoGPT (L, beam) 330 3.46 | 23.69% 9.20% 15.7% 9.78 13.24
DialoFlow (L, beam) | 3.86 4.08 | 28.02% 11.57% 17.0% 9.87 12.08
Ablation Study on Multi-reference Reddit Dataset
DialoFlow (M, beam) | 3.89 3.99 | 20.98% 7.36% 11.46% 10.42 13.37
w/o SIM 385 396 | 21.36% 7.71% 11.26% 10.43 12.70
w/o SIM & CFM 3779 3.89 | 21.33% 7.65% 11.25% 10.33 12.55

243 BZRYG

XFFXE R AR, AR SR A 5T £2 H Y DialoFlow 5 DialoGPT #4717
U AL . DialoGPT /& —P7E Reddit #F-i8 H I Zhict (3mA T B % 1 A2 s

XA HAREIAL, ARLEAE IS5 LU N ERE T (1) FED ¥
43 (Mehri fll Eskénazi, 2020b), A&—"X1E H 30 U P8R, {84 DialoGPT-
large, %A TAHHE E . FED LA DialoGPT-large BA EERY | R JLA TG
BE R A IOIEIEA], T H X S R B VRN 5 S T N Y PR 2
JZ . FED s&fEMUSEHOE R AT G N TAER, B LSRR B, (2)
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K 2.2 FHEE RN TIFRSLR R

Table 2.2 Human evaluation for dialogue response generation

Metric DialoFlow | DialoGPT Tie
Relevance 43.7% 28.8% 27.5%
Informativeness 45.3% 29.2% 25.5%
Human-likeness 46.2% 29.3% 24.5%

3 2.3 TEOHE A LR S5 R

Table 2.3 Experimental results for Flow score on dialogue evaluation

Methods B1 B2 B3 B4 BS B6

Human 1 | 4.142 4.140 4.075 4.035 3.933 3.864
FED 1 4988 4.818 4.621 4.670 4.555 4.739
Perplexity | | 600.0 5212 4412 561.6 367.7 1731
Flow | 1.396 1.410 1.402 1.406 1407 1.422

Methods B7 B8 B9 B10 B11 Human

Human 1 | 3.849 3.848 3.828 3.692 3.605 5.000
FED 1 4438 4355 4.651 4799 3.608  3.468
Perplexity | | 1879 13347 6622 6184 5029 51.39
Flow | 1425 1417 1425 1461 1466 1.333

AR R A SO TR TR R IETE R IE DU o ARSLES 88 ] DialoGPT-large Fii 2 5k
W X T LA A B3 B R AR BT, R 1 H A 1 15 1 R R 3
MR BEEWEEA T B 0T I B o o

2.4.4 JEMYIEER

XFTRE A AR R, A SEEG (2 T8 2 2% A1 bRifE . BLEU (Papineni
4% 2002a)s METEOR (Lavie 11 Agarwal, 2007) 1 NIST (Lin £ Och, 2004) #47 [
B3Pl NIST /& BLEU HY—FA8{K | Bilid n-gram VLR HY(E B 2k s, R
[ B AR TC15 B n-gram, W1 “FRAFNE”, fEANHLZ S MAER, XE—1
b BLEU &G 1. ARSEEIA R (Zhang 55, 2018¢) K ITPAL IRE 2 FEE o
ARG F DialoGPT {5 FH 1Al A HEA T 21l o

YT A B AT AL, AT B SE R A L5 2 (A B2 ZR A G
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% 24 WIS FED ¥4 WERETES-S5 A TR R

Table 2.4 Correlation between Flow score, FED score, perplexity with human score

Method Pearson Spearman

FED 0.67 (p <0.1) 0.56 (p <0.1)
Perplexity | 0.12 (p~0.72) 0.20 (p~0.55)
Flow 0.91 (p <0.001) | 0.90 (p <0.001)

PERIHT R /R S AR, R P YIZRH DialoFlow-large A58 SR 1 EAHF 57 42 HY
HIFRPES o
245 FHEERSEINER

1. B 3hiFR

F2. 19 H T AE Reddit 22 054 ETIZ5H) DialoFlow 5 Hilill 25 f Di-
aloGPT M. — k1%, DialoFlow-large 7£ NIST fil METEOR 1590 & &,
I DialoGPT-medium £ BLEU 155355 o DialoFlow F1EREREE A R~ A4
KIMEEK, 11 Di-aloGPT fEH S5 RUST I PE REAR I H T NIST AJ LA R0 AL T
WK n-gram, W “FAFIIE", 258K, DialoGPT Ml T A4 s R R &, 11
DialoFlow 58! i] LAAE BURE 2 f(5 AN . 25 R0 T, ShaSimatin B T4
B, O AR OB TR WA R o X TRE 241, DialoFlow 5 DialoGPT 1E/# 1
R

% 2:% Reddit EURER PN B R A 145, 2BEN. F, RAIME
DailyDialog Z4l4E (CFAXTIE KT = 4.66) AT 7 REAISEEE, LASGIE
FERXSTE P S ERPERENS 260 An52.1//78, 5 DialoGPT #HIL, DialoFlow 7R
TAE AR/ INFA I Fedr B B . X DailyDialog AR 52 HY B
], DialoFlow R R ELA B F7 52 B sh A5 S 7 T 2 20 H Al K A se
DailyDialog Z{H4E 11 RERCEE L Reddit BB ABFFTIAA, Reddit 5 Y%
FEREIBIZ IS, 1 DailyDialog X IE MR T H 8 4 6. FtL, 78
DailyDialog £ 44T, b RSO RMUAAIE T, 5 Reddit HEEMLL, 15
SUEE Wil BE 25 2 R Tl o

2. AN

BT FHAREFLAKT DailyDialog IMHAZHE 4 Hr EEALAMI ) 200 1S4 3
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NI . ABFGEHEE T DialoFlow-medium Fl DialoGPT-medium. £EX 7] 5
FERLEBLZE 3 AN TP G, TR SEAE SR 7 B2 A BAT3E T HE
Fo SRR LG BRI B 0 FEEROR . Inge2.407, AATTXST i DialoFlow A=
JEE A AR R Ao N TP RERTT ) R85 B T 2 52 moh i
A BT A ROE R

3. H kI

N TREFHE AN HARRIRCR, AGF5AE medium M4 DialoFlow
PEAT TIHASESS, k2 1R, X =AYk HAR T, DialoFlow f%7 4 NIST
1 METEOR _EABHUAS T EBAERRCR . Mk SO IR ST I, MERESIEA
N MG BN ORI SS, IXERE R IR, PEREFR TR
ZEREBW], BT U IMERAESS vl LA RO B TR A, 1 SO I B 55 ]
DAGERE BN SCR I AT 55
24.6 FEFMHEHEER

F2.40 8 T H R IE R APk FE DSTCO 28 B A0 i H a5 _ LA FH A s
Wrietr 5 AL IR AL NGO AR AR FEHR AR PE- 40 5 N 3T
IR EN T AR BRI BRI SETE . 0.90 (p<0.001) FIAR 58 K7 /REMHSEME: 0.91
(p<0.001). FED #1535 N TIFA(ERIN BRI , MR LA A 7K1 A 3T 2
IREARNEN 0.56 (p<0.1)o WRRER S RILAEW SRR — I, 25
R, AT AR IE 5 T LA R Al T IR AL AR T . 55— 5T,
EASE M thF 0 BT RIS 19 DialoFlow BEALHIR T A5 A B SR E 03]
&ME B

237K T A£ DSTCY =& HARHEPFAT e 11 IR & AR A
21755 FED 1155 RIS IR B shfabn AU IZE N S TIRALE A
PR IE H I R AT, R AE NS AR IR R R AT, RO ge A
ZEbREE BT AZERIImLY . S5HAL 11 AR AL, FED 72 AU
W ERIRBURZE o ARWFFEHR BRI R N N R BT E A R e 1) —
NS B IR &8 N Z [T 53 22 85 5 BT 2 ZE B

TPEST AT AR AR 1 1 2 18 B IR 76 RS TE T, A0 — R 1B U
VPR ARFIRIFRIETT Ko (LG IRI 2 N 2 mT LUK i o 13 SR i it , (B2
FEMERL ERIUATEE . PP BRI TR SO, MR 1 A5 S IR 2

I

o

C
il
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. User: Not really
4. System: oh no. why not? just a bad day?

14. System: that's terrible! why does a doctor laugh at you?

15. User: He just wasn't a nice man. I was also his first patient.

16. System: well maybe next time you should try a different dr. who treats patients better

17. User: Yes, I should.

18. System: well if that doesn't work, maybe you can try swimming. i like to do that when i've bad
joints.

19. User: There's not really a place to go swimming here. No water.

20. System: oh! that's too bad. have you ever tried swimming in salt water?

21. User: no

22, System: it's quite interesting to swim in salt water. it feels really nice!

23. User: That;s great. You're smart

24. System: thanks! i'm just really passionate about swimming!

25. User: I'm passionate about music

26. System: me too! music is life! have you heard of muse? they are an english band!

14
16
18
25
23 20
22
26 2
21
19
i
3
2
4 12
17 10
15 6 8
13
1
9
7

E 2.3 — M AT ERBIH S EE USSR 2D T-SNE AJ 4L

Figure 2.3 2D T-SNE visualization of the semantic context of a human-bot conversation
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247 EHIHAR

2.3 27 T I 25 1) Dialoflow 1558 2 ft LT 3% 9 125 )28 S0 S
[ 2d T-SNE AIHRA . FHE2. 3R 0L, XHE AT LAG B8 (Al (1~4), 38
N2 HEEER— K (5~13) , MAREREEARIMEEETT (14~18) , PARGHETRK
(19~26) o SRR MR, FERTRALT, HIEBTIHT, w2 iE R B Ak
TARKAAAL, 1X5KH] Dialoflow REMSIHTEXS 7 1 1w 218 LshAME iR, A
RUHOAT e A XS TR VE A P R AT SURE M o AN, ANTR] BT I5 4 P AR At AT ]
H ORI S St o

25 ARENG

ABEFEERI TR AR AL, SIS EE S B IE L, R T
DialoFlow TUIZRAT AR, d et Ab B AR A Xl T ) Bty ok B35 S MRS
BRI Z S A B Bk, DialoFlow IR H T — R A AR
AR BRSO R A, JRm i =R BRI TG . AN, 7E DialoFlow
HUBLAL b, ABFFEER T, —FhETIOIZRA) DialoFlow HYZE HANE T
Wiy B BITC S PG TR bR ARG RS AR il BTSSR 3R, 3207 Bk RERS AT ROt A
SETER R ShAE BT, PRTTXSIE T SR ROR B T B B A SOE B
FEXTIE Al _EASEER SRR, I 20 ] AR SR T e as B Ol e T T e 2
BBYE ERPED . EARAY TAES, ZAWHFE A 22K DialoFlow W] 1H A1 55 B X
i, HFREAERIORA R (e i) LR A
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F3E SIASESHRNFAREEREERHR

i

3.1 5|

NATAEXS TR RE 2 A BRI RS PRI BS HUR L, Bl sets 2 U
WG R SURME B JXLe(E BT A MTEE T4 TR AOXTIE . AHOME BRI &
B AR AT AT o T PR 25 A B At LA R [ A IR R P 2 e RIS, X TR s K
MlEs N, B2 HRER, S4B E S 80> 4L)wh g, SHEI R
o N T AETHREOEON IE ML g N B A PR 2 OGS E B RTREDD, B AR
MRl AREBAT T 5 ANZESFR AT HOEOIE 5T . R, ANERFsT 1A
T S S BN B FE OO G A i, IR B SCARFIRHE B ot 7%
152 A2 o

UEAESR, AW 5 RN TBOIORt 3% A= 1l R L )32 A6 I8 FH T ok e 52 81 0l
FARF AT KT Zhou 55 (2018b) HRHY 15T H 5 SO Y SUARN S A5 40
£, Urbanek 5% (2019) #5827 — M AR SR BRI &, XSG B, Xt
AL AT DURSE SO A B e g AT S RO % . 52 AR A ) 2
PURBUCFIAFRE IR &, AlAmri 55 (2018) 42 ASE BEEA B35 A 1
W R T AT s T OO I (Audio-Visual scene-aware Dialog, AVSD)
55 IXLE AR HRRAEL E Y= 1AL b7 A BT 5 R 6 3 [ 1 o
T S A TEAT S5 1 B A2l BT A T U R (SR AR &
A SR A OEBRRE A A IR, X bR T R B T Al SR AR AT 55 B 2Lk A
Mo B3 URR T HIT 5 BNFTEOEON TR AR AR (AlAmri 45, 2018) HHHIZR BT
e ZAESHIEP PR (1) ZREBGERR 28RN, JEA RIS Z R T
ARCEE; (2) B 25 B BB 15 AR & I

XTSRS AR Uy AR BUHE AR ) 2 SRR 34T 1K
IR o N T PAFETRN 2SR, BUA IYJT 88 SR b7 b a5 A A /Y
RS THM RIS, AR5 R T BRI S A R B HIZRR . (H02, Fhgmid
RS HIE A RE M H A B S A 2R AT B A Ak Ao 130, FRUT 37 5 S rh Y SOANE
B IR R AT R B Y .

YT AR, s A A AE B2 Ak, R RXERY o XHE R
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Caption: A woman standing in a hallway takes off her slippers. She
then climbs on a chair and starts doing something with the ceiling light.

Summary: A woman about 30 years old wearing a jean skirt and top is
standing on a stool and fixing something in the hallway next to a door.
The hallway has linoleum floors.

Q1: where is the video happening ?
Al: it is happening inside in the hallway
Q2: are there any people in the video ?

A2: yes there is one person in the video.

Q10: what is the person doing ?
A10: she is standing on a stool doing something with the ceiling light.

& 3.1 LT 57 R B T B 7

Figure 3.1 An example of audio-visual scene-aware open-domain dialogue.

BT A PRRLG E S S RO T S, RO [l & 2 T A AR OC 22, PAA Ak
FEFEEHIEMADS TGRS . thoh, M RIS 5 R 175 54 £E 1 A
=, HAUEIZAE S EHRE EIGhA iy MEREA TR SRAITFOIZRATE 5 1
AL LAF P A At SCAS 24k v = > 21 A T2 6 #Y 6 5 ARC Aok SBE A FR A 3
SR TE R SE -

N TR BRI, ASCHE T — il B 2454 Transformer £25, 4448
[l R AS A A A TR I P A G T . 3% Bert (Sun 2%, 2019)« GPT-2 (Radford
55, 2019) FHNG TR G &, ASCRH B WE Ik, IFRHZES 5]
ORI [ 2 0 5 S AR A 1) RN e i 5 D) T ik IR G 0T,
HANEEFEE TGRS . i TR R R BN 2R 18 S
TEVFZ TS A UL S UG T E KRR, ARFRY R T sl 2R GPT-
2 (Radford %%, 2019) #57 | EIEE MR SUARFIREE S 8 — ML FaH, I
XFEATROR , LARER IS B m T A o i [ml &, SR ikl o
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32 fEXIE
3.2.1 FNIRIRENEYFFRUS T IE R 4

K2 HR T R G0 1 ARG A FH s SOt 3 B IHT A AT 55 HO 3% . kB
NG ANZEERHE R, BESAT RN Sl i) —Lm 58 TAERT DUARHESC
R EE AL AR (Li 2%, 2019b; Zhou 2%, 2018b; Reddy £%, 2019; Dinan %%, 2019;
Madotto %5, 2018) A= BN I A& o IX L ARG AT LA™ A= 51 AR BEAE K B (R
AR IR o A — L5 TARG 2 RS E BRI EA iE . A [T
% (Goyal 5%, 2017; Agrawal 5, 2017) H, KRG BAr &R X TEB AR RIAE
[Alf. MLAEXT I (Das 55, 2017) MRS MR 45 8 1 G ARE BT SCEX %
A2 B AREIRIE T o JXLERE 5T AR SOR B G N 1 e AR, AT 55
AT IE T HHEESOR IR & 9. Hori 55 (2019) 51 T — R T 40
TOAC 2% 1) 2 RS dm AL e R RS 2% o Nguyen 25 (2018) #2H T —Fh TR
WA B s 38 B UG PR AR A HE 2R o Pasunuru A1 Bansal (2019) >R A E 7 &
TR Z M T4 AL R 55« DSTC7-AVSD R FIBA (Sanabria 45,
2019) i/ TR UEETIWUEI S A ORI A, I H How?2 a8 M AR
MDA T 25 LA, MTN (Le %%, 2019) $#2Hi T £ 44545 Transformer #575%
XIMARBEA TS ES , R AR B ARSI B

322 EBFRARMIINFESREMAEIERSR

WFFERY], KRS 2508 S AR TR i & A TS5 (UnRHE RGeS
%) WIVERETT IH K455 EEAE . Zhang % (2019a) #2H T —F2ET BERT 19
HIATR & AR AEAm i R A A2 P e 0 MR T TR 3R 5 AL Wolf
5 (2019b) {4 T 25 Transformer BALKGIERE 7 ) 5| A A il AR K 5f
X AR GE e ARTFTRIXFIERS 7 > T A R 5 I N A2 B XS AR AT 55
e, IR TR B RS DT R E I B T 2SSO R SRS

3.3 ETFflZESEEAYE FH Z1E7S Transformer R E!

P o SRR US55 B HAR 25 T 2 RERR (B, &40
MAHEIAFIRE T30 AEBA KR Y AEERAxEEE. B L, &V
A 73 BIFR IR E o 25 RS2 XS 4 BRI LA A 2 8] B RR AL, A5
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Video-Audio Sequence Modeling  Caption Language Modeling Response Language Modeling

I
Transformer Block n )
( Transformer Block 2 )
( Transformer Block 1 )

B 3.2 ETHIZ0E SR FE 2SS Transformer 12

Figure 3.2 Universal multi-modal transformer based on the pre-trained language model

W XIS EA AT R E B i — A S B AIIA C = {cf,cppvvv b0}, BIHHE
SEMEITAEEA XSRS 45 (6 U ={Q. R, Qp Ry, ... Qu. Ry, } F/RXSIE
N PMEE, HpQ, #/ni@ N, R, = {rl,r2, ..., rm) FORES m A B 1 XS
42 R, HIL, ZEMI V. H50 A RHEH® U, AL C, T4
[ Q,, 4= BTG & R, AT T4

P(R,|V,A,C,U_,,Q,:0) = Hp(r’w A,C,U_,.Q,.r7; (3.1)
j=1

REFFRHEH T — 15— M2 4 Transformer B8 | R 25 R W1 B3 277 o B
R B3t ZB R — BT GPT-2 B 4544 (Radford 55, 2019) F22 2 Transformer
R o BRI S 5 RO A R R TR B AL S 2 BESFROR MG TR, AT
Wi GPT-2 WAtk —> 12 EEA 2k BRI B B Transformer fif i g 50
, (S PR B AR AN A S AR AE L B SOAR 23 R] , R T =S R 2
PE SSRGS . X TE R A A AR SR AR AR A A

3.3.1 &R

[

e

1. AN

YT SURFHIE, 386 GPT-2 (Radford 55, 2019) W7, 4 A B A] 1
WordPieces (Wu 4%, 2016) T E {7437

2. AR 5 & RN

X265 HIAAR v, , ARBRSEAE A 1 Mg sh s Fs Ao %08 T, Bt.
E3.307N, X TRNGEES, = (fi, far-ens [}, FHH f Fom—Mil, S H—7
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YIZEHT 13D-rgb BELFN 13D-flow B (Kay 55, 2017a) $21 d, ZEMARHE V,,,, F1
Voo FIEEIFE SRR, FATRE — BT IO [ (540,
FATEIIZRH) VGGish B (Hershey 5, 2017) $2H d -4 EHURHIE A g gisn e SX)E
PRI 13D-rgb FHIE 13D-flow $5AEFT VGGish 1L

V=1V, V1w Avggisn]s Vi € R¥ (3.2)

SR AW FCIGARAI B AURFAE VIR AT 3.3 7R R AT 5 42 1422 (Video
Embedder) , %5235 AR AMIERERA S0 WE33[7R, AHEFEHR H
RURARA R I BHR A (SB) XA ANFEIE S A (R A A AR A T
A L EBA ARG A 2 XIETEA)), AR RIS HEGEIRA (WE), {7
Bt (PE) FIBHRA (SE). 7R, “[video]”, “[cap]”, “[user]]” F1 “[user2]”
I3 B AL RSAE AR B PUSIGA 008 A 1 MHEEA TS A 2 X%
flo

qbi1-agl

T
N

0--:00000)00::-00000)
moly-ael

(@500
YSIDOA

& 3.3 Y5 SIS EER B

Figure 3.3 Feature extraction for video and audio

332 BEHFES

ARG T = MBS RN . DA S TR0 35 17 52 R
S AT BT A2 AR R AR AT IR AR 13 A 4% A O AR 3 400 1) JE A LA
MRATURT B A5 A 4 A R RIATCR R A= J A

1. 23 @ A R

AT Hbr R SOiE I E R, = {#),r2, . rmy, BT SURE v,
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ML C, XELL U, WG Q,, H/IMEGRT RS AL

m
Lrem(®) = —Ey cuqr~plog [ [ pIV.C.U,,.Q,. 73" (3.3)
Jj=0

Hrp, p FORMERE R, ET j A, 0 FRTINEGSE, (V,C,U,Q) ZM
BAYNZEE D PRSI

2. AR -5 5 1A

XSS SR AELA E WA AR TR 17 7 sk I AR & AURRAE . 5 LABS b
BRI SRR, A E AR A = 4E R FIESE AT X T Sun 45 (2019)
WA E AR IR SR S B bR 28, ARFSER A T (Chen 45, 2020) R4 & 4TS
AEIH 50 AAE55 Transformer B8 1 HIAT B A7 26 7R HE OB IR 2 — ST
EARERIN Vo B, ABF5 N — D4 H R0 i tH 45 oh 5 AR
ANV, ARZEEZ R gg(o0,)o HITH/ME L2 #JARINZRIXMEF5

T
1
Lyasu(®) = Ey.comng X, 1200) = Vi3 (3.4)
t=1

Hrf o, = fy(V1,CU), fp 3K GPT-2 BIEIHI/E o

3. AUIR 4G 38 A R IE AR

50 B2 A AT 55 S5, BT AR B IURHE. V i i S/ MK O S AB
SRIRR R BN ZGHERL A ) C = {cphcos.nnn e )

1

Lopm®) = —Ey cplog [] PclV. co) (3.5)
i=0

34 EWERSHHT
34.1 HIE&E

AW FE i FH R B B s B R Eb 3 DSTCT F1 DSTCS [ HLWT 5 JE AT 176
(AVSD) B#l54E (Hori 5%, 2019) fEXMEREST, BIREANNZ5E, —1
PRI — D EIEE o BTSRRI K T 45 E A [R5
AIIEA — D IUAHER R — DRGSR 20 45 E A R EEHIA -
o DA B T AR B S 0 A o ARSI T A ST A AT A HR
#% 13D B Kinetics 204 (Kay %5, 2017b) BEFTAATUFAE SR EL . Bk, 5L
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5 TR 13D MR “Mixed 5¢” JERVHNHE (—1> 2048 ZERYIHHE) MR 3
TNo XTTFEIERAE, SLESRA T3 41 VGGish 7 (Hershey 25, 2017), %457
i 128 AR A o MU R ERAD TR RGREA 7659 M INZRXSE, 1787 MY UERS
%, 1710 DIER A% ££ DSTCT F11 DSTC8 T, IR IE5E 24
I, TR AN F 8o AR IR SR BT T4 H 00 )7 BB TP A
342 BZ&ER

A GRS H AR 535 5 LR A OC A BT 1 AT oA AUl AR ARG
B, 2 BRI MTN R55%:

o MUIRSEILA RS HAURER N E RN ZHESEL, KA SR
FEFEZE G AL (Hori 5%, 2019).

o ZEUIERIIBI: BRIE I EEs G 3R i . X2 DSTCT-
AVSD L35 HHER S8 — H A A B9 75 15

e MTN (Le 5%, 2019): £ DSTC8-AVSD ki 2 By ESe b RS, 12T
Z 1545 Transformer 2% (MTN) SKZm AN 51 Ak A AS RIS H(E E o

e JMAN (Chu 5%, 2020): 55T RNN W22 ZEESAG IR, L 1
ZATERE NN, [R5 R T A SO IR

e MSTN (Lee 5%, 2020): MSTN >RJH2ET Transformer HIRRIZER, FAE 0
F A B B2 R RN 3 L, SRS T LR AR 2

e STSGR (Geng %, 2020): A TAEWG— DML R NI =54, i
EF R 19, FHH H 2 A Transformer $E1 75 25 BHEHE,

3.4.3 {LfhtEER
1. BN
SERGH T AE FARE A TS i I B AL 4 BLEU (Papineni 55, 2002b)-

METEOR (Denkowski #l Lavie, 2014)» ROUGE-L (Lin, 2004) F1 CIDEr (Vedantam
8 2015)s JXLE T HEERAE T SE TIN5 S R Mt 14 2 4 ] 2

BT LA T DSTC8 MW 5t ORI o 1 A il HE SR 2B fe ) T
HARBEATITA -

2. T IR

RIS R T A,
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LRSI T RN TR o PREEEPEEORT AT AR T [ A 1 IR e H
SAMES (R REMEIENE, HETADFEHITD, N0 2 4. NRAELATRIES X
WS AT PR 2 4.0000

344 SLENEE

SEHG A H GPT2-base 157 (Radford 55, 2019; Wolf %, 2019a) TR IR HIAUE
RMNIA AR ISR T 52 3 ARSI 5o ALY BT 768,
WA/ A 32, Adam EA0ER2 ST 6.25e-50 MRS R AR R/ N A 5
MRS R, BORMIERE D 20, KLY 0.3 X TN S RN U0
WSS, A=FARFERRE: aiSOR. SO + ISR S U I8 1 SO +
Ao G AR S R T BT SR MR RIS A AT 5 o SR + PR B —
A8 RE BT SO TR T 17 B3 5 SO 3 AR AR 55« AN RS A
AISCAS + AR T AR e FUE I E B e G LN, IR RSt A
RIS o

345 SCIGGER

AATRR T ZFORERLE PRSI R ADUR. SUR + SUIAE S
IR B SOAS + LA

1. 83K

SO RCE RSO N, H LR I s M A o 12 s Al
FARSTE R A AR (RLM) AR5 R IR AB o JX SE2EIRAESR3 1R 5R3.209 “text
only” B[ “Our model (RLM) ” fTH /R, WK3.1R, S9EEET (fE
DSTC7-AVSD ki (kI 5248) M1 IMAN ML, ARFFEHE H I BALE DSTCT-
AVSD EUREE ERRT AR EERGRAS T ARPERE . b, ARTRSEHR O ROAL R
BLEU-4 #£/5 7 0.069, CIDEr #2151 0.185. I4), #£3.2i8 /R T DSTC8-AVSD
AR TIPNZER  TEARIIEAN R T, PPN BRSO Y Y [ 42 LA
NRRUEIRIE BEATHT 43, HhFREIRTE 1155304 4.000. AT IR S-5) 04 3.934,
XA T DSTCS AT 5 ST OO0 5 A6 B L ZE P2 38 B 285 R e Y2
e MAEPN B ARG, AT I AR R A nhis AR e

2. XK + AL

TEZIE N, AW SCAS A G P 50 SRATARG I ) FRATAR & A4t N
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% 3.1 £ DSTC7-AVSD MhR4E_E A Z I P-Y SEIG 5 3R

Table 3.1 Objective evaluation results on the DSTC7-AVSD test set

Models B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr

Input: text only

Hierarchical Attention - - - 0.376 0.264 0.554 1.076
Our model (RLM) 0.747 0.627 0.527 0.445 0.287 0.594 1.261

Input: text + video

Hierarchical Attention - - - 0.394 0.267 0.563 1.094
MTN - - - 0.392 0.269 0.559 1.066
Our model (RLM) 0.759 0.635 0.533 0.448 0.293 0.602 1.282

+ VASM 0.765 0.643 0.543 0.459 0.294 0.606 1.308

Input: text + video w/o caption / summary

Naive fusion - - - 0.309 0.215 0.487 0.746
DSTC7-AVSD Team 9 - - - 0.315 0.239 0.481 0.773
Our model (RLM) 0.694 0.570 0.476 0.402 0.254 0.544 1.052
+ VASM 0.677 0.556 0.462 0.389 0.250 0.533 1.004
+ recaption 0.670 0.537 0.438 0.362 0.254 0.535 1.022

A HOE [ A2 A RS (RLM) AT 55 TR E 407 21 2 (VASM) AT:55- 9114k
P, JXEEZERAERS 1. 3.2%ext+video” B E [ “Our model (RLM) + VASM”
IR NFR3AHFTITLLEH, 5 MTN (FLUr7 s B U 16 A48 45 2
BT A B e A RRL) AL, AR TR I B o A AR Bk . HAA M, AHE
FEHRH AL BLEU-4 20 8UE S T 0.056, % CIDEr 74U R T 0.216. 543
ARSI, ARBFIEHE H R M PEAN EBUS T BB RIRCR, xRN
AT AR« WNRTATIA, AR 2415577 2] VASM {155 { BLEU-4
PEO S T 0.011 43, CIDEr ¥F4MER T 0.026 43 1E43.211 DSTCS Mt 4L
LR % 7R CIDEr W40 5 T 0.014, BHHZ T o AR it A
FIZEBITTE, “text+video” K ARRINAEILIE EALT “text only”o

3. R AL AR L 6 R + AL

FERXMEE T, AWROTE (1) EINGFRLRT, AR . X
TR A G (RLM) ARSI E A 91 A (VASM) AR 55 X0 AU 3E AT 1l 5 265
SRAEF3.1. 3.2 “Our model (RLM) + VASM” BB H' “text 4 video w/o caption
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% 3.2 DSTCS8-AVSD i £ _EZ WM 5 I LI L5 R

Table 3.2 Objective and subjective evaluation results on the DSTC8-AVSD test set.

Human

Models B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr rating
Input: text only

Our model (RLM) 0.744 0.626 0.525 0.442 0.287 0.595 1.231 3.934
Input: text + video

Our model (RLM) 0.739 0.624 0.528 0.447 0.284 0.592 1.226  3.895

+ VASM 0.746 0.626 0.528 0.445 0.286 0.598 1.240

Input: text + video w/o caption / summary

Our model (RLM) 0.677 0.556 0.462 0.387 0.249 0.544 1.022
+ VASM 0.669 0.550 0.457 0.385 0.246 0.540 0.988
+ recaption 0.661 0.533 0.437 0.364 0.242 0.533 0.991

and summary” TR/ . (2) FEYNZRHT, (EHALAGNIE, JFH4 2 Bl b
A =SS IR BEAT N SR MR, B 5B AR 245 18 RO AT S it A\ A= A At
W, SRJE AR AR S N AR AR AT AR A 37 D SR A iR T A2 . G5 2R
INAEFRE3.1. 3.2 E Y “Our model (RLM) + VASM + CLM” H'.

X E R e AT B SE T S AT b S T O s A A A
(G BARE S RI, XIUESS BBk 3.1, FRATAI SR +
MATAE 55 HOPEREAIR T A, (B4 N2, AHEFE4E t BRI IR RIS LUK
0, SRPeE B EIXMESSH, LR 255 ST,
FLAFAAE A7 7 A (VASM) ARAITIA A A (CLM), (HIX 80T L
PRV IR RERRAIG . IXLEIMGASAE N — T T A iR
3.4.6 EHaHh

1. W& T &k a

TR SEST A R i R 1Y, AER A I e S AN o042 th AR AR
A + MR S5 P RERT, (BAE SO + PTG IR 55 h VR REA E « AR
WG AT IR R RAE T, 5 A F X35 ST A AT A, R Bl i 5
AR AR o 55 AR SR SCA B SOARRE L, AR S IA T IZ AR AL AR AT
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Table 3.3 Influence of different dialogue history lengths

History Length B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr

0 0.729 0.599 0.496 0.413 0.275 0.573 1.182
1 0.760 0.638 0.536 0.452 0.296 0.605 1.305
2 0.755 0.632 0.532 0.450 0.296 0.601 1.297
3 0.765 0.643 0.543 0.459 0.294 0.606 1.308
5 0.758 0.634 0.533 0.451 0.292 0.601 1.293
9 0.759 0.631 0.526 0.441 0.296 0.603 1.294

* 3.4 AFEMERS T WA _EH HBEE R
Table 3.4 Comparison of the performance with different decoding methods on the objective

evaluation

Decoding Methods B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr

Greedy Search  0.743 0.610 0.503 0.416 0.284 0.587 1.217
Nucleus Sampling 0.680 0.525 0.410 0.321 0.252 0.527 0.955
Beam Search 0.765 0.643 0.543 0.459 0.294 0.606 1.308

FEBUE BT HBCAIRIRAYRE ST L, 2B LS MR 1Y SCAS + #1L
WALE RIS AR o XTI A S (CLM) PEREBERIEIN, &
WFFEA A AT REAR AR AR - AR SEIUURAAE Y RE AT B, FRA T AT $E i 1L
MEHIRRIPERE. R, ARBT IS ARIA AR AT AR 2 1 G TE T A SRR A
LIARAT B I ) AR A5 URFALE

2. 2 LK BT

ARG AR AT AR E AU S (VASM) AT55 Y SOA + P4
BT, AR XS R R . I3 3R, B R K
JEON 3 B, AR R AR
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Table 3.5 Case study of dialogue response generation

AT A A man with glasses wearing a green t-shirt is playing with a device on a
counter top in a kitchen.
[Userl]: So, this person is standing in that spot for the entire length of
XT1E T s time, fiddling with something?
[User2]: He stands there and flips the item around, and taps it, then at the
very end, he goes and closes the fridge door.
[Userl]: Is this person wearing glasses?
Bres it [User2]: No, they are not wearing glasses.
SRR [User2]: Yes, he is wearing glasses.
SO + AT | [User2]: Yes, he is wearing glasses.
2 [User2]: Yes, he is wearing glasses.
AT A A person stands in a bedroom holding a folded sheet. They are at a panel
of switches. They turn on the light.
[Userl]: Does the person hold it during the whole video?
X i Py B [User2]: Yes, while standing at the panel of switches, he is holding the
folded sheet the entire time.
[Userl]: What does the man touch with his left hand on the wall?
By [User2]: He doesn’t touch anything.
Al AR [User2]: He touches with his right hand on the wall.
SOA + MR | [User2]: He flips a light switch on.
ety [User2]: He is touching a panel of switches and he turns on the light.
PRAT A A man is laying in bed watching tv. He mumbles something and then gets
up and begins vacuuming the room.
[Userl]: In the door way to the next room, there is an object. What is that
X3 b s ?
[User2]: He went to the doorway for a vacuum.
[User1]: When he gets up, does he have anything in his hands?
FELARY [User2]: No he is not talking.
Al SRR [User2]: He has a vacuum in his hand.
SOA + MR | [User2]: No, he has nothing in his hands.
Zx g [User2]: He had nothing in his hands when he got up.
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3. ATy k2T

N T BE A R 5 BRI 3% A R R ARG U s, SRl
T 2RI, B TUDEER S BRI TR, 1207 MR A ) 5
ARZPRAESOR, 185 T AR E F UK. WE3.407R, fE=MiE 5, 9
R ZRPEAE A H TR IR _ERIRCRE R FATA, MW = BRIl
S, H IS AT TC b 55 R B RO 5 SO IR . TR, AR5 P
TR IR AR 2R o

347 THloHr

R3S T AR R (ASOAR) FIRR (SO + WU 2R ks
WA . SRR, AW ST AR a] DAAR i B R 2 B4R SR A
WS o NP1 Fron, X AR, 25 a] EALGA rr R 5 BT, X
RS AT LA BCHIASAR YT SR, QNSRBI 2 FNZRG 3 i, 2490 K 23 () MUS
A B RE R SR, AiSCARIRIRBISH AL AIXEFIL T, UK +
MR ] DRSS SE S, EHMRE R, FRA e R RS 2

3.5 AREPE

BRI OB 1 R Gel = A O SRR [, A 58 A8 E OO 1 X 17
SINT ZRESFIR, BEAT T 10T 3 5 A OO 18 63 A i 98« A T 2%
R A ANE R IR, ZBSFRRMAEMERE, AR H T —FME T
YRGS U 408 1 2SO IE AR R, IR T = ME S RN X
TR A SRR, MRS B AT, AT A A R I X A S, Y
FLMEZ PSS oy STEER G 20R , IR A 2 E B RS R A .
ARHWFFE 1 RGEAE DSTCT-AVSD 1 DSTCS-AVSD It £ 48 4 1) 2 W PFAfr o #TH
13 7 iERITERE. /£ DSTC8-AVSD MK, A FTHY R G0 AR i 0375 ]
SR N TP AP M EETARHE RS AN 300 ik 98.4% . AEASK, FAT1it4)
i FH B 22 RO RABURFAE , A0 ResNet FHAE, JHRREEZ MINZMES, LHRSMAL &
AFISUAR IR G FR IR o AL, 3T 1A B X e T ¥R R B HARE 55, ndi
AR AR UG IR A ICFA B 18 FH A S BRI E o 145

43



NFENKGSRE G K BT O T A 58

44



55 4 5 5L AT RO IS — 20 A SRS

$4F SIAEANFREIERE—EE BT ERR

i

4.1 35

NTEEAESR | B AT 2R AR Y & % (Devlin 5%, 2019b; Radford 5%, 2019;
Brown 4%, 2020b) 5 AU i B XL A 14 (Dinan 4%, 2019; Baumgartner
£, 2020; Smith 55, 2020b), JTTBUHE REWIKHL4S A (Adiwardana 5%, 2020a; Bao 4%,
2020a,b; Smith %, 2020a; Li 5%, 2021e) Bf5 T K2 WL . IXLERIRTTEEZEH
A NHEN, A — B IEG AR TR R L gs A TRAC A B 2EE

DialoGPT 762M
Human:  What movies do you like most?
DialoGPT: The Unforgiven from Metallica.
Human: What do you think of the Unforgiven?
DialoGPT: [ never heard of it.

Blender 2.7B
Human: What do you like to cook?
Blender: [ only cook Indian cuisine. How about you?
Human: [ enjoy cooking Chinese food, especially the
dumplings.
Blender: Chinese food is delicious. I also like cooking
the Chinese food.

Plato 1.6B
Human: Do you like dogs?
Plato: Yes, dogs are cool, I prefer cats though.
Human: Do you have a dog?
Plato: [ do not, but I'd love a dog. I think dogs are
so cute.
Human: [love dogs very much. I have three dogs.
Plato: [ have three dogs too. One puppy and two
Huskies.

A 4.1 BH % ABIRYS AEAN IS E SRR HBRTEA BRI ER
Figure 4.1 Several human-bot conversations demonstrate that popular chatbots generate in-

consistent responses when talking to a human under some specific conditions

HHT, Wi ER 2 0 E g RS 5 AR RAR, TR R s AAEAE
Hi R DA AR A s BRSO SRR ISR A RRMER A,
{ERAERTERT JE— 8 BIR AR Z A R Z AL (Nie 5%, 2020a). X IE T —2iE
SRR THLER A=A B [ 2 R RE S X 3G DT SE A AR P e AR T — Lk
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PRI RO R A& A (DialoGPT (Zhang %%, 2020b), Blender (Smith %, 2020b),
Plato (Bao 4%, 2020a)) 1E AN E A i U BURT )G A — I -0 MR AR5
XTIR A g AN A BRI EE, AR 2 O R & AL 5 A8 B R
HARZS 2 S RE DT S 72 A vh 98, RSO AATERT G A —80 AIERTEA—8%
TRARRE L BN ANLAS B RIARSS, FRASS BRI R . BRI, PRUEXSIERT S —2L
M T BRI RALAE A S B FEARTR . SR, B AT USG5 — S04 &
A LA IRIMERY , BB AR RN B — R R @R FRUE BORTE AT fE — ST
T

NT VAT RO KA g A RTHT S — 80, S BRI JT AR N TARTE A
FIWTIR MG N4 R 2 B BAARE — 8k (HE, NTARERAZS Zlnn
JEARE, I EIFIAR I 5 AR B, FTCBEIEMUE Lo X R8T ER T A
TAFREE R, N TARTE BLZ [ 2 5 AR A — B 45 R (Mehri H1 Eskénazi,
2020c)0 A T AEYLXAN[AEL, — SR 5E TAEHR T & H shiFll 7 (Welleck 45,
2019b; Song %, 2020b; Nie 5, 2020b) o JX 1 75 ¥ AEAG M1 H A B i b 5 ) i
AR, AR PR 5 T AN EE AR . AAURESRE R R 2R
WRERTFE 0, IEHA S AR SRR X ESHE (Deriu 5, 2020; Dinan 45,
2020b)o FITA X LE AR B PHAT 10 A JE — ZUE PR B HE T LU R L gs AR
Ja—BNERERT . BRI, 8 TIRITECE BRI, W50k IR
Fr NGRS G705 38 B 1 J7 207 A A o

YR IR BT, BA TAERZ R Nie 45 (2020b) HJ5 237X
TR RSO, RIS I O35 B2 5 B E R P SR R A AR S SR,
XTIE T A AN —BOR G A H IR B BSOS 3 7 BEBIG, AT S JeiE [ 2
PR P SR AR R AR R N T KA | JF HARIRCR G B TR K 19
IR NS TS E A R EE, ARG R TSR LA AAEIRTE S5k
FH SR A R S RGN AR G 7 AR BT R A — B IR . Bt ABERE
B SE AT Ak RO KA A BTG = SO SR — B (] BRI [l
52 NEAEXT 1 ol 22 Ok (A RS D S S5 BT U R &, AT
WA AT DAE B (157 56 06T 375 F sk 1) ) AT A S e SR ALt L0 475 77 5
AN ARFFHT G —EE I RE T BET I, AT T —Frg | AR R 5 RS —
Ot ESIFIHESE (ATH) , MRS ET S — 2R R R A L8 N T HES o
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AR AT W2 A-BLEE ARACL, 3 ELAEIERL S A2 A
S BRI 8 o B IS 3 ST R, DA R
DDA AT EMR 01 TR — B

BEFOR, AR AR TR, AIH A, FFRASMT AIH fE
PEIATRCE . BB, R, AR ATH HESEH 4 HISRHO(EA

42 HXIE

ARTPRRE ST RSO 15 2R 8 R P S AR TEAR SR Y BF 58 TAEREST /4. TP
SO TG AR GE R e B PRI DT I B B SIS P PENTTIE R 2
BT WIS BB A, BT B A TRE, A s [ 2 1
P kRS 8 2R ANE, AR B E AR g Al & ]
TL2HUEAWRILEN-

421 XHEETE—BUERRS T

B SR A2 i 0T P Aofr 8 D 28 B s N T Aty 25 1 5 A T U A o 1 e B A
HWSEE LB N AT iE 1 AR 5. (Welleck 4%, 2019a; Song 5%, 2020a)
KES ANPIRHR I — B S e i — 20, PSR a0 — 2ok
PR IA DY FARTE S HER A Nie 55 (2020b) #%2 /—1~44 ) DECODE HJ3#
M TARTESIREE, HARH T — Fh R T S5 15 15 14 75 12 SRAG e 34 D7 52 v
e BT BAREA AR R, (EFFASRBIER S el AL 88 AR S Frp
41 RE
422 IERIE—BERER TG

1. AW E X5

N T IBREESHIEAL , SRHER T RIE AR S — P IIRALES A sSiR, A5
iR il A X HEA T Ef, (Mehri A1 Eskénazi, 2020c). KT, BT AR -
BUERTIE I = AR Z AN, AR AR &, XS8R E R 45 (Dinan
&, 2020b).

2. WP RALEA—I RALEA LA X%

AR, ROREEARBAMFEARA 9w W HTBIHL g AN — R AL a8 A 35 L
NMNIRIER) R (Deriu 57, 2020) FRIA LXIHLE AR B & HIHEXSTEHETIF
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fitr, TSR N BB i 25 tH— MRS IR . XL A R B2,
BTSRRI ar NBTET e — 8k, TRl A R LE B e A E0r 815
MBS, ARSI SR T BRI R PR IR LAy A AR e — 2k

43 SINENARIFRUEBIR AL ARG — BN ESR

AR A 58 i 42 th B R S — B PR HEZL R BRI T 4
K420, AHEEEE H A ATH HEZRELS [A1IBTBE (Inquiry Stage) FHHSAG I
Bt (Contradiction Recognition Stage), #& 7T Bot-Bot 1538 H.o {E[RIHIFTEL, At
5¢ H gl Az o T 5 SIS [ A2 24 15T Bot-Bot R . FEMPZAG TN B,
AW BRI AL A% A% (Rl B B (R (e 4, {38 B shie Al Al
BN LA [0 52 A5 S 6 W s 5

FEZHER T, JA 5 B BIERALER A 1 (Chatbotl), BIKALER A 2 (Chat-
bot2), [M]ifJ#F (Inquirer), H 3P #F (Auto Evaluator), PAN A TiF4 %% (Human
Evaluator) o WIZRALAFA 1 FHIIRHLES A 2 £ HATRESS BRI IERALE A,
HApIRALRS A 2 2B LA Ao [R3f)as 01 DT HR BOR i o 55 35 SR A
TR B SR, SR e AR AR LA B 1 S AR il Rl B ShIP Al gl B2 — R
Ry B sl gs A 2 B IRERS SETE 2 N LiFdide A
TTEEI, T SRS AR A PR o

B, A N DA AEEA {B), By, ..., By }o X TEEXTHIRBLAE A
(BIRHLE A L AL A 2), IR A 1 SEIERHLEs N 2 sCH K. (1)
FERPANT B, BRSNS AE A 2 B e, X TIRyLaA 2
1 BRI uyy, (A1) AS SR UL A 15 rf =5 SEAIUL SO SR SR, SRS TRl iR
Mlas A 2 — DS SLRER A g, H k 2XTIE# AL Chatbot2 [AI%5 R g,
AT 1o S IREA) T IO 5 SR SE O RSO DG HY SRS | N BEAT (R A: il (2)
FEMP AT B, AW G A 25 (100 B SATE 5 HEFERL) sl@ M
N TARTE R THIWREE AR {uy, rp } R AP RINIMR . £E AIHHEZR T,
BRI AN, (TR 2 M XT I, ARFFIX L 1 T S A IR AL
ar NBYHT G — B ERRRE , SRR g N T HE o i X F =, AT LA AL
= RO P R AT AN RET S — 2tk RN 23 IR BE LA S i 5 T
By BARART
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Inquiry Stage : Chatbot1 ©J: Chatbot2 [ : Inquirer @ : Auto Evaluator Q : Human Evaluator
| Entity: @i | Hello, what do you do for a living? E&ﬁt?é&iéii&ﬁfﬁéc’o’gfrﬁﬁéﬁi !
| “daycare center” «i_l_ © 1 work at a daycare center. | love kids, do you have kids? T ,Stagé v 3 !
| b ! /00— o
I Question: L ot AWl o T 2 Mrearded !
| “Where do you work?” —y—;— ; Where do you work? (Inser‘teQ) |
| '@ A daycare center for young children.

‘r 77777777777777777777777 é‘ | Yes, | have two children. How about you? |

! ‘I‘Ent|ty,:’ «~—— © | have three kids, one son and two daughters. —

i “three Lo i g

! T ! e/ @— X
| Question: —‘—7— ‘ How many kids do you have? (Inserted) 1//

I “How many kids do you i 3 3 © | have no kids. | wish to have one. | i

have?”

& 4.2 3| R R BURBEA YL A BT S — S A TIHESR

Figure 4.2 Overview of Addressing Inquiries about History framework for evaluating open-

domain chatbot consistency.

43.1 [EIAME

TR A 5% o R I MR AN 2 BT 98 A (Nie &%, 2020a), FEH 19 ABLXS
THEL Bot-Bot XIEHT, MY EA MG SEAIM AN, JUHGEAE R R )
FIEERG KA B, A TR G &K AR, ABFELERIR L& A
1o ) 22 17 B S SENDYL R B A G [RBOR P AR 1A o AEIX R AL T, it aai i [)
RURART L. I, B 5B MORHE I s Hp g B S SR s B SR, R F)
JHAH 28 I 28 RSP A A SR Tk 6 ST A 4 1]

1. SEARdd IR

BB WR A s NAERIS SR s I 8 25 7 £ 7 I, A 588 H] Stanza (Qi
%, 2020) i 4 LR TH (—MNRATIERAES ) , WES A AL
(B AE2 D A TR BT 44 SR B, X T < FREAERR LA, 2, % LA
FTLABR I P SEAR <2l 2y 70 <BI4E7,

2. AR A RAE A

X RIEA i, ZAE SRS UnilM (Dong 4%, 2019) B | 1Z44 7 7E SQuAD
AR (Rajpurkar 5%, 2016) _E3EAT[REA BT 55 (Wang 55, 2020) FU3H - ATH HE
ZUrp T AFFRIIRLD | 258 e 2 B TRILE A S50, UniLM AR LR A il —
NETER R B, 250 <42 F <BAERAR LAy, », MRS Al <URIFAE
MELWRE 2 » K5 ATH REZRBENLZLESE — DR, HEHEA bot-bot XFiE

A 18 FRIBLA SR, TRANME S5 UL (Weischedel 5%, 2013)o
3https://github.com/artitw/text2text
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432 MR

£ ATH HEZR M RN IR g BETIIRALE A 2 BO0EIEA] uyy, BT LABIR
Plas N 2 BB R Z SXE TR uyy A7 — 2 A, B 3PP 8 A LIl as
B BRI e SHTEEA] uyy =2

1. A3itfE S

XTESIEY, B SR A M . S d AL A
2 &I ry FZ BB TEVER] uyy VEAHN, BT AL y, o ATLAZRIROA:

Yie = Fo(ri, uyp), “4.1)

Hrp fp NP SAGIMREL, 0 HSE 5 HAME R SR B AT S L,
% B Bl AR T LA S B AN X BT B IR 22 R TEAE I 5 (4 X TR 1 ) SR 1 g
P o ARSLIGIEPEAT 22 4T AR F HEERAUR AR (Williams 55, 2018) i FA T 1Y
Roberta-large #71 (Liu 55, 2019) VE ARG 58 H shiG s i sc8gt

2. AL E

FEEGE RIS PN T Ee R, N TARTE B BR e xHE , FR44
— AR L —SUE PR, GBE R 081 1 4o XL IR AR S, AR B R 5
WA, I B BARMARERE, T TR BARMELS X HEFT 5 (Mehri
Fl Eskénazi, 2020c). 7F ATH HEZE T, A LIRAl HgZsR AT RALES A 2 f9
B R 5 2 RTRIAIETEA] uyy, — B0, XSS )T B BEfRT R . DA R AIG
TER AR, 1RE TN . BN, ATH HEZEH AN THRIEHC B S8 0 T7 Bk 40
192, W LUAAE RG R & AT A5 2 AP IIE E
433 XERIR—EHEEREHEFEAN

IRARAT T B2 R, A2l a] LIS 21— A R R L8 AAERT 5 — 2 ERY
fEzsFe. Wk, XTa—XWAYLEGA (B, B}, WHE M X T4
ANTRJIA-[EIERT IRy, HEE ¢ BT R BORR IR AT R 5

¢, = 1(fo(ry. ugy) > 7). (4.2)
BIRALe A B; AEMIRALAR AR {B;, B;} H TR 53 AT AR 0 -

m
1
%:Eiz%’ (4.3)

*https://huggingface.co/roberta-large-mnli
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Hrb, m ZEAXEH RECE, MRS [R)A-[EET . BIERHLER A B, [
BRI SR AT LI A -
C; = % Y Gy (4.4)

B2, ATH HEZRAE HTBEAAHT S i ST R AL NBEFTHE o

N
1

44 SREERS5SH

AT UEATHR Y ATH HEZR AR E S mR:, ASCIF R T — RAHY L5
RIS N- A5 e B LER N, IR ASLie R i dnid e, &5
ARSCEFRHEZR AR mRE . FRE I T T R i SES .

441 PIRBANIERE

ABF G T VYA AT RO R g A T80

e Blender (Smith %%, 2020b): FTJGFE Reddit £#E4E (Baumgartner 25, 2020)
EFEATHOINGR, SRJE (6 i P A AR PR XTSRS (BST) BEATH0M, %4
PEEAES TN HHRLE . IBEHREIRIE (Smith 2, 2020b). 4EEL T EHA S (Dinan
%,2019)~ ConvAlI2 (Dinan %, 2020b) FIAEI# %1% (Rashkin %, 2019)0 iR
Blender M LA 2JEl G2 5 FiR. [RIELOFI MR R 215 GE. Blender A —Fjifs
BRSE90M, 2.7B 1 9.4B. HI7T 2.7B ZHBHIAE (Smith 5%, 2020b) F1AR1F T %
TPHITERE, TEARSLI AT 2.7B JUA,

e Plato-2 (Bao %, 2020a) /& D IFHUIIMI KA A, £ Reddit £ 4E_EBEfT
T2, 35 BST BRI THE , #EFR L Blender LTS - R4 (Bao £%, 2020a)
HHA, FEARSR IR T 1.6B ZERA

e DialoGPT (Zhang %, 2020a) #&:4F GPT-2 (Radford 2, 2019) JEAifi L4 FH Red-
dit TR TIIZRH . DialoGPT A =FEEI R~ 117M. 345M Fi1 762M. A<
SLYGAE BST s EXT 762M WA T T 40

e DialoFlow (Li %%, 2021c,f) /& DSTC9 3¢ H A X% A L 3§ (Gunasekara %%,
2021) FRA—Fh 73 o ARSLEGFET GPT2-large (Radford 4%, 2019) £ 2 T DialoFlow
A IR BST B AEt gt 7 1 00 o
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442 SEIIKE

AR S SR FH PO RS2 56 V=R PPl ATH HESR A48 RO R = 25

(1) WKL N-BIRALEE N (Bot-Bot) 5 H.o XJT Bot-Bot 3¢ H., Fx K3 H
&R E N 15. FraMIRELE A#F A Nucleus Sampling (Holtzman 55, 2020) 4=
IR p = 0.90 X TEXTHIRLEE A, a2 /0 200 TR,

(2) NIARTE. N TS UEEZRAYARE, SLge gt 7 A LPEl. X3T AIH
HEZE N B9 Bot-Bot X1, AHIFEHE TG 1ok H —Z DA R A RIRY =i E A
TARTE A BIARTE =R i (AL A A5 2R i E @ A IRl R AL A2
XS AIEBEAT T RHOC AT 1, ARSI AL A IRl 2 5 55 035 g 58 & A v 2R
XFFAERTIIRHER A, ASLIGFEHMI 50 N3G AR, WS A
LTS

FENMLE SRS BN ZE PPl AR SR DY AN IR AL s A\ B AR R IR 55
gr b, PRI T DT . A S BRI AT AR ) D I AT R AL
NIER, FEEs A —2EPrsr, (A REAMTIEAE S WE— DI A Las AR .

(3) ANWDIERR B o W TENUIRER A, g/ T 5 G R iE A A
FEMEE S IO AT, 2000 40 DS EMERDNE. A5
ARG AR =AW N TARTE GOk 53 BiIARTE K B BIRATLE: A B AR RS
SEA—E

(4) LHIH N T HAFIRNLAS AT G — SRRk 4, A5
FWIE T 340 23 PMIERGIT LRI L RERE, SIS AIEZ D
10 K, FFRZT15 %o AEMIRIERET, L5 RA B S I AL & A5 v
A RAEDT AR, RGBS 0 238 1 45

IEPHRT, TRGFESE IR E N 2385, 20 K. =ML R4
HFIAEAE O BARRT JE — BEAS50 A5 B SIPEAE 20T, TR IFMETIA LIRS
=D S ) VA T iy S v < AN o' R = < 0 AN IR 2 1% VA R S E N B
443 BIUUELRER

S PEINE 2R 1A 3 s o PRI S 28— R0, A/ R 148 ATH
HEZE T YL 0P B SPPATA TAT A O HEZ 4R, IEW] ATH HEZR A A K
/@O
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1. R HL

T4 1R T RFEPIRHLEE A BT 5 — 255 3T LLLEL Blender 1%
RHMEAR RS, BET 0.85. XPUANIIRALEE AR —BEHEZ 2 Plato >
DialoGPT > DialoFlow > Blender, " LAMENFRIESH

2. BFIFAELER

FA 208 T RRTHERHLAS AL H BIPEAl i eh o8 phaesg, —8k
Flf o HI AT 2R RITALEE A 1 FIRHLEEA 20 S “Ave” FoR
TR N BRI AT “Avg.” AT LA 175 S AR I KA L4+
N A H P SR S SE oW R RE T o 72 B BPPAl e, BIRATLES AR — S HE#
“A Plato > DialoGPT > DialoFlow > Blender, 5% % i #[F . Blender & 4= 1%
R o

3. AT IRELER

IAERA209 G5 H 7 AN LIPS R . Blender 2845 1 s HYMP R F o [H]
I, N Pl g SRt g2 4t 1 R AT 5 — 20 HES : Plato > DialoGPT > DialoFlow
> Blender, FIEZITAEHEZ 2

TERATRIREZE S, B BhPPA T PPl #RELS 5 T 5l MR AT T S —
HtEHES, IXRUAIRATH ATH HEZL B AWM, BROEA R PPl AL A A9
i J— 2

£ 4.1 XEWRIE A TR — BS54

Table 4.1 Expert consistency score for each chatbot

Expert Consistency Score 1

Blender Plato-2 DialoGPT DialoFlow

Expert.1 0.55 0.80 0.72 0.69
Expert.2 0.37 0.87 0.60 0.56
Expert.3 0.31 0.89 0.60 0.55

Avg. 0.41 0.85 0.64 0.60
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* 4.2 ERFNIIRYLE AR AN TIPAGhRE L B 3P PsesR

Table 4.2 Auto evaluation and human evaluation contradiction rate for each chatbot pair

Contradiction Rate (Auto 7 = 0.15) |

Blender Plato-2 DialoGPT DialoFlow | Avg.

Blender 0.431 0.240 0.324 0.362 0.339
Plato-2 0.431 0.263 0.293 0.357 0.336
DialoGPT | 0.425 0.251 0.344 0.345 0.341
DialoFlow | 0.427 0.264 0.344 0.371 0.351
Avg. 0.428 0.255 0.326 0.359 0.342

Contradiction Rate (Human) |

Blender Plato-2 DialoGPT DialoFlow | Avg.

Blender 0.487 0.282 0.398 0.396 0.391
Plato-2 0.411 0.212 0.500 0.435 0.390
DialoGPT | 0.404 0.211 0.304 0.431 0.338
DialoFlow | 0.462 0.268 0.310 0.377 0.354
Avg. 0.441 0.243 0.378 0.410 0.368

444 BYMMHEFLIBGER

DAERI AU S BB JG — BUE PPN 6 A RERHS, PP EEZe 1 X,
RGERITT RS o AR5 FATK BRI FATAr R H B 5T 11 S R 1] ) ATH
HEZR S HA T EEAR L, BATRS IR pA R A, I FL AT LA 3% R Se 3 Tk
FEo WNFRA3[7R, FRATHES T AT IR R AR . (1) WCEXSERESTE]; (2)
KBS B oA ] ATH HEZLEST Bot-Bot X4k, AT ] LA AL X3
FORSTE], T AKX SR OO IE R LT 2 4 935 AEPSAG IR [B] 7T, LAERY T
RGBTSR 5 1 P A USR], RS TR AOMESR A, N TARE R
i 24 B/, BT AT, BEZBA T BRIt N, FRATEHE T4
ORI B SR R INERAB3FR, A ATH AESR A IR L g A AR A of
RICZHTHTT 2152 o A EIR) vh5EF B TBIRALas NIF A gt m il
KLgs NB—8UE
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3+ 4.3 ATH FERRERME L0451

Table 4.3 Effectiveness of the AIH framework

Method Time (Sec) | Contradiction

AIH (Auto) -+ - 1.56
AIH (Human) -+ 24 1.69
Human-bot 246 + 59 0.50

SURTRI AR, FATHE A ATH HEZE AT LAFE B A B[] A 0 e 5 2
s, (R AR Al T IR L ARYET S 2. R, ATH HEZSR b
KA Las A wiTJa—SE AT R -

445 TREMLINGER

PRAGHESL A — OB R R, P BRI EE S T & A R B g 5 o ARSE
I F B T KA LA A\ Z RN FR 22T 22 D UOMIE A REORIE— D AUE I HE o

AR SERGIHE XTI AL AREHLIEE § 215, [ H B hird i Sar s — 250k
HE4, H S e (1,-,200) 0 ARLEG I TS FEE S 1000 1k, FEIHHAASE
5L T M F R HET FOVERI T . 430K, 4 S > 100 I, PYADIIRHL
wr NTE 95% B DL N ST R HRR S RAE, FRIE T — DMUERHES . NS
WAL T RN HEZ IR EM X iZHE A 7 AR S E K. R4
7 DialoGPT #1 DialoFlow [ —EV:45 95 b BcHEiT . ARSI 3E 4T T AR EME 4T,
FA T — PRI A o E4.3 278 4 7E DialoGPT 5§ DialoFlow 2 [ f F—-7,
S =50 MAFERESLIL T AR e

1E ATH HEZEH | FRUE PPAN I T BRI At L T2 R R LA A, T
B L BN TE IR & FECHRE IRl . BHEENLT, 75 YOS TEE LMA R — X
FUEARU A o
4.4.6 [EBERLERST

hTE AIHAER T, W BB AE M, A NSRS
T I B RO £ RO 5 A R IR R
I PR 5 KA R H
/NSRS A BEHLARE 200 /M RHE, 45 HHE RIS [
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Figure 4.3 Stability of AIH framework

BRTIE RN & A h ST A G . ISR 44PN, PR SRR 4.57 IR
[ e IR ALEE A Blender 73 A E MR s AL AR, 2B
XFEA 6.37 X1 5.10 X [ B Z%T, XA AT A IR A & S 1o [ ]
EXTHIBCRE R, WIRHLES A Blender AT LATH 22 ik it £ 61 2 SEAH ¢ 19345
MRS A DialoGPT 1R /DHEFIX Lo o R4 4t BIR T B X5 A R P58
Boimo i, WIRMIES A Blender HIXTET R LM REZE , A T REML(E
HAMEA S NS EED), &4 55 L0 AR A

2. B A R AT M

RT3 AT A AR A B, AR SEEE BRI R AL A BEATLAERL 50 %
1, LR N TTAREE R AT A A R P8 B U AR 5 3, SR 1
53, ANEHN 0. WERASHIR, SURGHEIER 2200 093, UHIREA: ik
W TR A 8o A/INTTE— 2B A5 T SR A (R, R IR 22 BRI A el T e
()R A ST AN REAR A 7 50 3 3 5o AR TT IR ) 0] 37 s T BE 4 Y )
A Y R AR I TAEZ —
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K 4.4 FPAIRALA XS T R [E B EE MR A R EE

Table 4.4 Amount of questions and contradictions in each chatbot pair

Number of Questions

Blender Plato-2 DialoGPT DialoFlow | Avg.
Blender 6.54 6.13 2.62 5.12 5.10
Plato-2 6.54 5.34 1.98 4.36 4.55
DialoGPT 6.25 4.45 1.67 3.79 4.04
DialoFlow 6.15 5.79 2.25 4.21 4.60
Avg. 6.37 542 2.13 4.37 4.57
Number of Contradictions (z = 0.15)
Blender Plato-2 DialoGPT DialoFlow | Avg.
Blender 2.61 1.28 1.61 1.50 1.74
Plato-2 2.82 1.40 0.58 1.56 1.53
DialoGPT 2.66 1.12 0.57 1.31 1.38
DialoFlow 2.63 1.53 0.77 1.56 1.61
Avg. 2.73 1.38 0.69 1.57 1.56
* 4.5 A R A
Table 4.5 Appropriateness of question generation
Question Appropriateness
Blender Plato-2 DialoGPT DialoFlow | Avg.
Blender 0.932 0.960 0.922 0.936 0.938
Plato-2 0.942 0.976 0.940 0.948 0.951
DialoGPT | 0.784 0.870 0.928 0.882 0.866
DialoFlow | 0.867 0.934 0.922 0.939 0.915
Avg. 0.881 0.935 0.947 0.942 0.927
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AR FE ORI RO T S5 — B E ST R, fR TR SR Y
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ZRAT LIS R IR AL AAERTJE— B0 AT ms iRy . SEdR iR
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53, T ELAT DA AEERR I b S0 B, X AT LA B R AL A & i A o

AR TAR SRR SR SRR R SR B SEAR A 5, AR A AR Al LA ) A
B, ERHEZRIEAIMSE. JIN, AR TARIRRIZIT B AR AT e
AT e S AR, A AR SRR A A B SR SRS AS 0
o H BB 48 NAFAEE T A —EhE (. ASBIE S A 8% AR RENS
TEFEIT A AT LA G — BB AL A B TR B S 075

FrRib 25t RO S R RTIE SC—BUE R &AL O 1) R
ASCHEH T B ShRAAHESE, f e T o o2 S B RO R SE, AT
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SERUE A SCEE T 151 208 SUE S O i D s iy ik A Rk, TR KR
e AT X g S0 B R T AN R O G 2R 4 [ & A R R g
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