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ABSTRACT

Developing humanized dialogue systems to achieve natural communication be-
tween machines and humans has been one of the critical research topics in the field of
natural language processing and artificial intelligence. Recently, with the development
of deep learning, basic conversational abilities have been significantly improved. To fur-
ther improve the humanization level of dialogue systems, it is important to embody them
with emotional intelligence, making them able to understand human emotions, express
empathy, and provide emotional support. In particular, an emotional support dialog sys-
tem that can effectively channel negative emotions also has an important social value in
the context of today’s generally stressful society and increasingly serious mental health
problems.

Therefore, in this paper, we investigate the construction of a Chinese emotional
support dialogue system. Our contributions are as follows: (1) We collect the first high-
quality multi-turn Chinese emotional support dialogue dataset. (2) To address the prob-
lem of limited data size and topic coverage, we automatically generate dialogue data
by inducing the rich knowledge stored within its parameters and successfully boost the
data size by two orders of magnitude. Automatic and human evaluations show that the
augmented data are of high quality and high diversity. Interactive evaluation validates
that the augmented data effectively improves the robustness of the dialogue system. (3)
We further incorporate the modeling of the emotional support strategies and construct a
strategy-aware response generation framework. Automatic and human evaluations show
that, through reasonable strategy planning and strategy-controllable response generation,
the performance of the emotional support dialogue system is significantly improved. (4)
Combining the above dataset and methods, we successfully build the first Chinese emo-
tional support dialogue system based on EVA and deploy it online for applications. The

system has been used more than 200,000 times since March 2022.
Keywords: Open-domain dialogue system; emotional support conversation; large-

scale pre-trained language model; data augmentation; strategy-aware conversation mod-

eling
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(] (T IRATE8E?
- Do you know artificial intelligence?

T, HARAREHENREA

Not really, | only know that | am a robot.

€

BRRARECEE
< Well, you are smart.
HWEER, RAWEZHH
Thanks, | will keep working hard.

v
@‘

(e BN A
= What' s your major?

HENRFSEA, (RE?

Computer Science and Technology. What about you?

€

] BOEFHHH

- | am also a computer science major.

B, BMFEHABAIEN, AL
Oh, then you can just ask me about anything you want to learn about.

5
@‘

(] R

= What programming languages have you learnt

Java, C, C++#B=AT
| have learnt Java, C and C++.

€

] freseEE

- Boy you have learnt a lot!

T, EFIE, FREEREWSH
Haha, | quite enjoy coding.

€

() 1818, ROBRSHB, ETLSSER
- Haha, | feel the same way. We can share our points.
18, ¥ w
Ok @

K23 EVA B (2812280 5 AEHZZEAERFIN,

RATERTE AR P R T H—LEHRE, R2 2R T —42 28 (S5 EVA AU 5
NP RIRIOS SRS, AR RIBEG 17 7E T Blender*7 Fll LaMDA P71 1
A DIESE], RIS T SRR RN, — B, Ze it DR R REix &
EPOIERES AT E Rk, FXXEPRER, WTFEANT— 77 AR 7 AR Z AR
o R T R B A T RSO T 100 | SR AR B ) A e 10212039990 0 B3 — 5y iff
HENFFRBR T BAEIRIR AR R T RS, M2 RN hERRRE b
FokoEhg, WG] ANSMBENRP2 S SR (209354 S 7 R — AR T KRS
BTSRRI R S S TR RE ST, AR FEE THRIDNERARELEE/E, H
R NIRRT AT, W — SRS RIS RS

22 IERFZHIBREEE

EHLER B A F N A REE B RHERE A EE (Emotional Intelligence)!!> 31,
BN LERIE KRR Bz — AN B8R 1S R840
U2 — 2B ARG, TR USRI RE, (ENLERE AN GRS AR

10
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MR —

User: Biza&JLESp—IR? User: VREWEG /5 15?

EVA: G2 ME—IRIE, HBREAKIERE, | EVA: ANER, TREWRILH

User: tHE FiRERLLIEZ? User: {RE WAL F51E?

EVA: 53R FE e 2R /R EHTL EVA: RERR,

et T RE

User: FAAWASERE L, MIZAYXIS? | User: WERFRLHALFIFAND T —20
EVA: {REERIRHIN, EVA: R AR ZE ZZ IR

User: HRES R —VIE—775? User: FEWFEASHF

EVA: &, FEX2ER EVA: HREREEEZEE —, FEENT

REAF TR \RAVIBRK, RIEHNE, REEE N OERS, MM EREN
X EMENE, B N — O IE RS 6 A B Z PR ERFIHLIE, BAT TR IE R A ERE
REHUZAKER 73 A =12, MEESE725109: (1) 1ERON TS (Emotional Chatting) :
TEXIE RS PRIKEERFR. (2) N (Empathetic Chatting) : AN
KGR, HHENMHIEFESENHERHITEE, Q) M XN (Emotional
Support ) : FEEMATEFIRER, RAFRNRIERASE, TIERELE, I
RETR ARV R T 26, T8I KRB R, B 1RR T ARG
REZCERDN SRR, mTDAVIERE, FEHRE eI, RERREERS, N
IERGNRZ AT, H, BASRERERINEE RN IE RS REE —
ERREE FEROEERIME TIE, B AKNAEES, EUSHtSE)EREER
K DFREEEEAG H IR Y R N, KB EENESNE, F, *E
RANERE R S | TECRBRZ R E RTE, HEED TR TR,
Zhou et al. 'V B Y T IBRSTE(LSS, HARH 7B R AR A IERA] Emo-
tional Chatting Machine (ECM) , ZEAIRENS A A S5 EMIBRR—BWEIE, H
1§—42MZ, Zhou et al. VI ZREIESE F IIERAR B UET 700, HEM
XIE SRR A5 B 5 G RSB N B 56 R AE — S AR, 51140,
MG ESCHITE R R IR AR 5 B E A E SRR MG SR ERES
sad I, [EIEIEREEAIDY like BIMER AR &, IXFEREAZ BARAIFE RS [ H T3

O PFRBEEER (PEEREOEERELREIRS (2017-2018) YBHEH, 11 15% BIEEOMEEFRRE,
35.2% MIAS BT H &S L EEEIKE,



TERERIBFFE, H ERE SRR RE BAINIE S AIER, RIS LS
TEROE A Y B RGE S E A4 AL, Rashkin et al. P g gz 75 IEEUE
£& Empathetic Dialog, FZ2H 7 — M EA BRI LBEMNEENER: &
FekH— MER I AR RN IE_ESCAVIERE, ARG RGR A4 Rk A2 TH
AP AENRANEIE, B, —FRY TEEEZRREM B — P3G XIS
BEF7122251 ) fFl4n, Lin et al. /2@ L RIBENH (Mixture-of-Experts®) | R
EARRPNIE OB, BUSAEEREHREREIE, fAREEREI—EEE L
A TNIERGRERGE e, (B EA GRS VA ROtEE 5 - B9 T E
Lo N TIRAUBLE SR, MNIERAIE N 4G F IR R AR AT A - B GG
B, FHEHESHEAEMWENSER, AP @RGSR, NI Liuet al. 2615
Sl VIR AU B A\ BRI 21— R oIS AT BB SR S \ RS 28
KFFRMEH =B BRI A (QnE2.4F7R) , IZBEICERITE ) B4 SR g
ARG REIRZ A (Exploration) — HfE5ZHE (Comforting) — 17851
(Action) X="ITBARIHIT, B EAEMHMNAIEE X FFRIE, bia, Ei%HE
WHERINFE SR, Livet al. POV E X TIEE SRS TLSS, HIRE T — 1 &R
= H B L FEANTEEAEEE Emotional Support Conversation (ESConv), SEEG4%
SRR (1) FET ESConv BIEEHITHIAN Blender " (IFLE X FFRE ) BEIE
Fro (2) ABELESFFRIGHATER, RIRIEXNIE L5, B[ S (RG2S
KFFHMS, REHE— AR AIERAIRYRE S, XA T S RGP E R
KB SRR AT RV E S, RIASHHREMNZ T ETIA, #H—PE
RIGRATEEIRR) B 377 A4 G RIS B,

Strategies | Stages

(@ Comforting

Comfort the seeker through
expressing empathy and
understanding

/\

@ Exploration @ Action

Explore to identify Help the seeker solve Information
the problems the problems

5.1), understand (4.9)

10.5). me (10.2), had
(9.7), myself (7.8)

1(5.4), through

ere are (4.4), will (3.8), available (3.7),
possible (3.3)

welcome (9.6). hope (9.6). glad (7.3).
thank (7.0). hope you (6.9)

24 B =R BORIpEA R

2.3 BERMMIIZ&IESERE

H 2018 AEHIILISK, £ T Transformer®! 1938 FH Wil 2518 = AR IR L,
i TR HARE S OO A R, R EHRESOEAX, @Hml

12



SRR FME TR GPT R4 (GPTPY, GPT-2039), GPT-3571) | BERTPI|
XLNet>? BARTIOVR] TSIOU B R A~ H 2R1E 5 A0 R AT [X 1 4 F AR X i
&, EIEFEREETRIM A T R R AR ZE S B, R
T/EHLHE ERNIE 2% (ERNIE1.019?1, ERNIE2.0!%1, ERNIE3.01%), CPM &%
(CPM-1191_ cPM-21901) . GLM!7!, PanGu-a%8'F/1 Yuan 1.01°!, @i 1F KHI,
ZIIRH SR _ BT WL, AR KBRS 1R BANRTEIETE
SRR, IR OB SR ARANE 5 £ R IRE 1. TERUIZAEEL R R AT,
RENIKZ BB T AR E R —Faa b 753%, 5 DA ZR-RE ryE
NEREN NIHESEIE_ LRS)IZR, BSRIRFEEN NS R, MESEE
MUSFI R SR Rt K, PSRRI MERE RINTE =, T LRI —
oS NIHE R RHINEES . — > ERRRE AT SUB B ARSI 7)) | R 2L A HER
(120 GPT-3 P71 paLM 70y E I H (58 KA IR S (zero-shot) FI/D RS
(few-shot) RESIEISHFFENTIFE M2 BUALA B P B0 E . FATAT
PUREI$R7R (prompt) 57530, BS. $SE I ZAEEUAR 5 77 &0 HIRRIBE 112k 58
R PR S5 A0 AE AT 55 51140, West et al. 7M@) %% 3] (in-context learning) Y
FRES GPT-3 #iAL A AR M: (if-then) HYHIRFTRE R, ¥ ATOMIC2 1R
R RAETE T T — MBS, Livet al. 3@ Fx2%%>) (in-context learning)
1975 RFESIBE S AL S ZANRFAIEEE, BUS TRBRITRUR, X T/E
a%, FEARSCH, FATRIA T 100 {Z250H 5 GLM #5881 7 5 24 il 16 45 <2
FEXTEEAE,



B 3E HXBEEZIFIESURENNE
3.1 Th#

BEEREZINERE, WRENRIERERAKSEERI RS 2SRRI R 5
fiti_E A FHEARIKEN Y 77 IR AT DATE HARME S5 LIREI SRR, mEdRIE R
FOEME, HEZMEMEL T, IR PO SRS NIRE SN, B
RENME T RSEIESE, HETEMNEERA THIERFAEFIRMELB A
W) 2z DURIIG R RE P20 S T RE . BARRIIE L RS
BAELE L, #EFAMTIFTA, Emotional Support Conversation (ESC) HE & 2SN 2H A
FIME— B2 SCER SRS, TR SIS SR T IUBIR I A (A A] R BESE, X™
HIARG TH RS FINIERAN LR, N, BINRETENERE. S50
HIF SR LE SCRNIE SRS, VLRI BEE T &R A,

3.2 BUEEMERLE

ANERT HE RPN IS, G SREAMUE SR AR EZE R, mANT
MIENA BAE N EER: (1) XIENTT A EEEAW, Bl—772minE
ZEIPERISKRBNE, 55— iR MR 4 BN, (2) REIERIERHEIRE &
RITELE R, (3) BIHIMAESS & MR 1 =N IR R MR B & 16 248 A BUARTE, %
eG4, JHRetlRt S HNEBFER, RERPRYFRIIEE R, HMERE
KEIFERN M EELS, RSB BRI R E LR T AR E E =
BB 28 > FF AT T,

N, FATEFEMNEELZE O E A & L ERNENTEEGE, TRAITREE
MR BAR SR N S EZE R EESE  (Chinese Emotional Support Conversation,
CESConv), Z VSRS EERINHARZ B O E RAOARA 4, Mt
AERN, XRIE T RATFINEERIRIGLE SCRNIEEARR L&, LIk, EIEFRT
FI A P RTE AN IES R EE 2 LB AGER, AT -2 RGEEES
BN T ARG 3R e T A A HH B R AL BE B9 A8, CESConv ZXHESE XS
TEREBIANE3. AR, HA My BRI AEF, G008 R EEIm,
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RUAERM, ERIEARE, ARRLFERFZ,
RWAEFRERBMGAR, £TSIH—LETR
F, AEREUHERRS, Fil%MiEERENE
MR, RESR

[%%,Tﬁ,ﬁﬁéﬁﬁmmﬁﬂ

‘ixtﬁm,¢%ﬁ§ﬁﬁﬁ ]

?ﬁ?ﬁ%iﬂ?’fﬁﬁk‘lﬁ%f&ﬁ]%iﬂﬁ@%lﬁéﬁ—%dead linef
5

T

FER, BERRTFFEHLRAEES, Rittf ’
SARRRIRIEE

| AR HEE it T 2480

Aiﬂ%%m’ﬁﬁﬁ*ﬁﬁiﬁﬁ ] (IR, BRER, REERAS, RS ELSRE

ZHHTRE, AR AEE, HibaERE,
HRTHIR, —b— B MM E S, Hoo A
| THRECKMEEERNETT

‘iw,@ﬁ%¢%M!m%%mE%%$ME%m ]

(sist, FEFLH, BINNEFREHEERSH
BRE, LMARIN—FERR, RERETRE
HEHERR A EFEEMN T, FEXEETREAR
] EBBLZEExE

ﬁ B, HiEmE, BhAHRRE

| m2eemsimm

&1 3.1 CESConv HHEEATAIEFER,

TV Y

%< 3.1 CESConv #UBEERSG 455,

CESConv $i#iE RuE  Eilm | SR
AR EOE - - 3.7k
[[Ip=R 85 73k 73k | 146k

SEEPA N IERIREE | 197 197 | 39.4
PP I 275 189 | 232
RGN L 541.8 3723 | 914.1

3.3 BURESM
3.3.1 BmnEm

CESConv #HEE I IEM S T IR INFR3. 1R, FRATHUE T 3,700 NXE,
BE 14,600 MRS, FEHEMEEE 39.4 #2058, XUEAH T CESConv (RS
EFCIRIVRHE (TEXSEE, ESConv S MG 30 #2EE), ARk T
W IPERRIRAFRE, BIEKEFTH, CESConv HHEEFFEMNEEfHE 23.2
N, RENE YA PR & T BN (27.5 vs. 18.9),




3.3.2 ATiEM

R T BAFIPEE  SOE A R IE SRR R &, BRI SRR,
FATM CESConv 5L A RENIHEL 7 100 NMEARFI TR, FATRE T AEHY
R, B IMPREAEARS H =R A R IZIE DU N AR TH 59
3.3.2.1 N ELF

HEEFEEN fakiEftE FRERENEEFEEN, PO :
« 277 KREWEREMIATE R B HRIIRERE, HmdEEniRed B2 Hn
[FlE,  AELE 4 HIFANAT R,
« 170 RENERERIRIERE B S RITELE R, (HJ5SLmH A & T i HI A,
B EERRR R, ANTEA
« 077 KEWENT B BRITRZERERIARD, B LA i,

EEEED RIS SREDEALSE, RAZAVEARRE, IR
« 257 EWRIMRETE 0 BRAR SR B IR ZE IRl
« 170 EEIMREAEER AR K B & RIIRZE RN
« 07 BEIMTLP-AFR AR BB IR RN,

AR TR ITE NSRBI LA R SN S EE, AR, HiE
PRIELTT
257 BTN T oRBE AR B T BA RO ARG
o 17y BRI TORBI# AR AR ) T ROE R E, ™ Zia
. CERT F
« 07 BEWITHEHE e 2 NG HIVER, SUARETMED
3.3.22 T4

CESConv #HEE N TIFNMAIEMG T R ANFR3. 2R, FATHE T Fleiss’
kappa 7 SRHIKTFRIESS R —EE, BNEE Fleiss” kappa ([E#HET T 0.81, JKZ]
T PEEN—EHME . FATRANEIWN G G 100 MEATESNEE LR
¥, AIDANIZRE|, CESConv FUEELE = MEMNML4ERE FEES T 4RSS 3R,
NLIFN g SR — U T CESConv #UELEE &l & MVRHLE,

16



%< 3.2 CESConv HHEH£M N TIEN,

EREEENE o EWEREN (0 ZB#EE o

CESConv 1.98 (0.95) 1.96 (0.93) 1.97(0.93)

3.4 ZIREE/NZ

FEATEH, FAMER TE DR SN IEEEES CESConv, ZEHESE I
& 3,700 AIE, EE 14,600 ML, HEETS AR, Z80ERE
AEiE, SHIRIVRHE, CESConv BRI H SRS S TG R GTIUSATHTF
TAEEE 7 EEHAYEAREA, JFEET AT TIEH= DL CESConv £HEEN
FRlUR ST R,



F4E EBEFREREIIGESEENNEHIBIE
4.1 Bh#

THLESCRNE RGUE R LI AN R PR U 0 B/ 2R, 3K
ITWIERE]: 4£ CESConv 5 I ZRA TEARAY B IR i A )1 2R 85cdiE A L 5 /Y
TGN R AN R IB 28 KRS RE YD, BRI I ZREE rh A B S Y3 i i
WEERRAENES, X2 EOEARIEZ S Him @i iE R, E4.101) F
&R 75 1E CESConv #dE& LlIZRHY EVA AL 5 A\ ZEH F BV E SRR BT
{51, X CESConv 4 AR B A A A2 1638, WIS ERT G 0 #1228 18 X
HOERME, MR T W& £ AR,

N T IRIGE SRR RGN AR TR E AV EERE ), MM EAEE L&
PRIEREN, — D BEARNIER BT IR EdER, AME i rBE SR
TEEATT RN TEE LR & EROVRRER, AR ELRIIE R85 N TANE S 9 5 X
TECRFER R B I AR S SR (1EAS%, ESConv BUREIERE X
PR EARERA Y 170 7T, WREADY 22 728, EIHBIFERR H),
AR RIS 28 SR X TEAIE TT TR, S — 2N FER MR T ZR1E = AL AT
AR EER TAERRR TP BT T — DR T ARHERNRIES
RN AR SCIG LSRN TR BRI T HESE, @IS T S AU IO 2R S B A AT
FHHFEFIR, BB, miE, IS ZHEREE SRR EEE, AL
ZH SRR, MRS B B BRI T TOTE RIS A P A
EIREAEDS ZARE A BN, B4 1R RoR 7 — DESSAE, HA () A
JEH) GLM #52L (100 (S8 ERA) LRSS EBdE, (3) MIAE EdE/E1
Z5HY EVA B (28 (LS EERA) RIZZ BRI,

e N[ Basmsis mawmTm \ T .
{ REPERNILS VU] . EAR NS A, amrEnin) \
: L st sLgEn X | | BACERE !
! ! N s 3ap s =41 |
| MR ARIE? S N WA HERERD, BEBES \ | | [” Lo e }w
| R | | [hn—%}ﬁiﬂ,‘ B3 AFHEHTLE } | HRE B! |
M RERSSITRESEN | | | 1852 A 1 AR o &muﬁﬁmg§mﬂmﬁ5m] |
| UCATiR, answriiek.) | | (2) % i E ) UCRTfe, matewRiEk. |
s !
| (WETRT GRERRELR N " L [ﬁﬁﬁ&ﬁﬁa;ﬁ%t)\?ﬁ%&ﬂ };
! 5 ? WEEEH 7 TEF? ! | TIERIE. !
1 | ! |
N ) ERREEEIS . (3) ERM - HEIIGE

B 4.1 DA EBERERENS TR TR 22 A1 A B

18



42 ESEX

AREMFRASIEEARE T ESEERE AT SEEE o AJEERXIE L
X C = {cy,¢p, 5y}, ENNEFHEY ¢ FEREERGEN m AIAIE Y =
Vi v, Ymto

ENZRRT B, FATFINR B (C,Y); TEARMFTER, AR B C fEoviA.
2 EBILE A R BOR BRI R Z 50 01E SO RIME, A IE SN 4 — 1R 7E
n=1, BXE E32 ¢ (NH—AIEIE AR, EFRMBTTERSFFARSGITIE LS
FIEL

4.3 Hi&
431 FEESE

42K T AT HOIE R HER, VIR EL, BATE T/ NIUSERY
CESConv EEEA B A MIZRE S BABETHIE, Sz GEBE SRS
AMESS. EEFIE, BATEEMEE TG B IELERHER, FfER A
i NBIORE = B IUIZRIE S B, S HSENERERIFIR, A2 ORI,
e RS R AR 28 SR TR B

/ N i) mEmsmmA
o ~ T AR \]
1 'f, L l (32K) i
| ~ |
 fwy  Fnetunedam § SHEIRAE R |
I = 5 I
i CEREERE | |
|
| | iR 3
1 L ‘
i - ! i
|
| sy B ——— O A s
| :J\im*;(ﬁﬁz)jﬁﬁﬁ = — e 3
| ' o == (180Kk) |
| - :
| . |
/
\ W B / Y

B 4.2 MIEEEERET SR,



4.3.2 FEEBIIGKIESIRE
4321 WHRANEX

TAMEPSL R SRR, BRI S AR B8 ) 2508 5 A8 A A2 RO
BAHERK, MAEEXEN—BSXHMAENIE, 8 TR Ed R En E 7=,
FeAraEE A 77 OB RGRAT S R AN e NS, (EEREE RN —3
HBAE AR HH 6 B B SR Y S R R G 4 SRR R R, TEFRENE, NGRS (T
WY AR )| 260 By A ZEAR YRR, R OE Pt 2678 5 AL R B Y
FAZW T EAGARIR, P AN RS L S 2R EEE |, SEOOEER
% (catastrophic forgetting)!> F &4,

4.3.22 BEEEBIAERE

BAHESR I H IR 5T AR S EE MR XGRS IERERI R, AR
HoBE, AT EE T —A 28 (ZSEHIF OB AWINIZRE S HBEL CPM T RI—A™ 100
{CSEFSOBERATIIZRIE S A GLMPY ) H RIS RIS ER DN H A S H I
MG EAEEN T, FHit, RATRZERE T 100 (225889 GLM BAUE %L
PRI AR AR

4.3.3 EHIEERSELE

MR NIRRT RIR, BEXFNEEGEHRRE. R A E B KR
R, FEENIEERE o141 NF, FILERANTHE GLM B SRCCR IR K E
BN ETA B R ARKE: 1024, FREFRENZE, BAHBRITIIZE S
TR RSO T TH EAEUS TANERIRI, (B7EA BRI SORRT, BIRMA
SHIAERFRERIE (degeneration), — MBI 24 LEERIXA, Hla0
“LCBREBRIDDVEEMNREZENREZAENRE -7, ATERMES M, BAIEMRD
BB T Top-p SRAERTELOL,

N T SARTHET BRI R E, AT BARIZ R AT LA AT 7
IFESEER

o GibRIREIZEUNT 10 B IE,

o FRiBRIEFEIEE FEHUNT 7 B,

o FRBRIREHBNESE 3 AFHUNT 7 BEIE B E,

o fRibRIEEL S EE [0S RS,

20



4.4 SLWERS59N
4.41 IEES

FEHERRI B, AT ERIUERGIR DU 1528 (AR SO/ B0 fan AT AR
RIGE XS, Ban: “FHIE /AR, AREFARZRI AT -7 BT B
R EERAVEES, BN G ETRE T 405,000 Z5A416%E R, £/E4
BB, TS SRR LIRS TE B R e B TR L, REMWEE T
—MEE 32,000 Z AR A ETHZE R SCAREEES . NER 25 B8R
BRI PR (1) M6 ETRBEE R A G4 R S, (2) BdEE
e

4411 MARFEG ECEUE ARG EIBLEIR MBI AR

IR A RS M B SCFAEA R B T mgi. 8 T2 A TEBE R B
FER, BRADERE N ARG 28 R TR R IK S — “FUERR” — i 7
B, “TiERHA" 2—MHIESAIKS, AP SKE CminiE oG R ARAE
HITE R ZIRENZIK S, BEEZKS 2 AFME, BAMEE %K= H 2014
4 A2 2021 4F 10 ARV 405,000 5578, MR EHES. R4 1BRTICECH
SR BHERES,

Fal N CHIERTR kST R BRG],

O EEE FEHEG | B

2 B ANSA T, EREIT R, IEET, Ak
& QERFWR, LB, RS T, KRN

M&EEFEE, RERRZAT T,

B 2020 SEH FHEBMBERRMAIRZIE, ZHEET R, HE
BIEE— R H, TWRR——0d, HEFAREE 1 3 KA
&. ZINEMELZE, BRI, 3 EMRIARDIT 7,

& FEHLRAE R, —MNERIME, —DrTRER, — IR,

WNPE, HER, ZERIA.

1)

HRXKKRT —%, ZREIRARE, — B
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4412 BIREFER

RE “TIERTE" SRR B4 B S S E m T — R =2
FEMKS, HURAIPTR, HAAREE Y ELEIy 5 0 T8 28 7] 2 B9 5L
Y2, DRI FRAT R S e A R 22K api @ TEER R R A SR A S T IS IR AR I,
% api FEL & 3 DA, 25004 positive, neural, negative, FRAVMNIRE T2 H
negative FEHE, Bf/m, FAHZICAT LA TR SR AT T = VR
Bk, DUE— AR E:

s EHVEENFAEREE, B8 “42ZIME 4", REFS, ul

o JHERIEFEURT 20 50& T 50 ITHE.

o TR SEURIAE. FHIRHEE, BT A E R AT TGRSR, BIARK
HE, BANMEA TEERIBURIE, FMEIREL, T OCHIA LA,

AT TS T L5 32,000 MR 7 G PE SCARBERS, 1EAG
BARA Ao

4.4.2 BhiEmM
4421 THNIENR

TEEHBNPEH, AT T IR BRI RUR S 2860, EPEN 2RI,
FATEMIEEE TW N LN ER:

* Distinct-NU"1: FATNEE T E 5 Distinct-N FEFRIIEAS X IEEE 1) 2 44
Y, EuEE, REREAENZ MBS, JFIER Distinct-N F8AR78 2GR
TRAKENRZE, S SORMEINE &S, 1 Liv et al. 77HEIE T
—WZ, BEINFLE SR IESIES R KR A, FANEE TEBIEEN
Distinct-N AR HEA IR

* Unique-N: R/RAEJGH N-gram S48, 8Gs, AEREAEN 2R,

4422 ZHERD

RA2[AN R T RGEEERFIG ) BRI R E R RIS RS 2SI 4
R HEMMEETTHE, MELTRGEEE, 1) BIRRS IEEE (3,700 vs. 181,000) F1
[E] 2 £ & (146,000 vs. 57,000,000) P42 T MEER. FIN, EBHRREE T
JRaaEdR SRR, SmEEKENR A, FH8INENESECY 317, e
[ FHCN 25.84, N MNIERIFECN 819.1, 2R H, B EHdEZ

@ https://cloud.tencent.com/document/product/271/35497
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RA2 IR BERFIE T BERR A E RSt 2 RS

giitibn JRGEEEE )R

AwE St

MG EE 3.7K 181K
[EIR=R 85 146K 57M

TIRAENEEE 304 317
TEHAMMNTE 232 2584
TERAMENTE o141 819

% F it
Distinct-3 T 40.1 344.1
Distinct-4 7T 55.1 950.7
Unique-3 T 1.7M 12.1M
Unique-4 T 2. M 34.7M

FEME BT, EEEIMZ R N-gram, WRHTEIRIGEEE - H0E SH1E S 58
RS RE PR EEE L, TR EEREIRN 7T &L 1T B SR B AF
R E R IR,

4.4.3 ATIIEMN

N T B PEEAE AL pHORE T BRE R PR, BADTR T AL, X
TR EHESE, TARE 7AE3.3.27 R AN TIFOINFEAY 100 DAEA; X T
BlEge, BATTMAREALHE 7 100 MEA, FA BRI T AREE N, S RER

S H=AIREN RIZIR L NP R IS T 70
4.43.1 NS

BATE SR T332 PEAMELE SRNRIR T = MFIER: FEFE
P, HAERES. BEM, AN, TATEONETEBERRIRE, ANFE T = DEONEM
RGP FERR: e —2E, ERVEM M, Iy R A e #E
MR EIRR R, A —BER PR T 25 Bk B B T IR AR 2
I B ERERE, Flansel "SR F T, X BRI R
&7, ERERITF ) TEBENENA R GER S, ZetHTr ) s =S E
ARG ESER., SUEHIER, PlINTieER, HAFE,

23



R 43 N FERBERFIE T BERR AN I,

Bomtk  BREEME WD o 2w ‘ B (o) M8t (0 K2l

IR dE % 1.98 (0.95) 1.96 (0.93) 1.97 (0.93) | 1.99 (0.98) 2.00 (1.00) 0.02 (0.95)
B 1.98 (0.95) 1.94 (0.86) 1.92 (0.80) | 1.99 (0.98) 1.98 (0.97) 0.02 (0.96)

4432 ZERDH

JR AR BTG B N TR TR SE i 45 R UNER4.3 s, BATHE T
Fleiss’ kappal"* SRAIMTARIT L5 SR A — B0, EARTERI—8UE L, FTAHEARAY Fleiss
kappa {EHAREEIL 1 0.81, KEN T L P5ese—80E", BATRA P87 RSttt
100 MEATESNERE_ERY &L nTDAERER, 8 BRAEILISRE . WEME. A
Gt ERSE TR EEE, (HERRTS R 7RG SIRE AR R & E K
o RXUHHEE S AMEE HIUIIZRE S EAY, rTDAES). Al RAA R S
g, SZFEMERIIRESCREEEE, WRETRMHIFT K,

4.4.4 1EBHDH

B4R T — MG BRG], B A SE MR A LB SR E]
&, R T RPEEDERRZPRAREARLG T E RO, M, SRR
RARBESBIEEMR, SRR EERLSENTEXRR, FHER AN
HE, BREINERE, SERAERENTEXR, ol DIEE], R4 3FHEN
SR TR, B BRI B SR &

445 {ERIG HIEIIRE Y RERVIEFH

BATHFAESIRIG T BFRIEA L TS —HUE L SRoEEE, meEm
BT IS 4 SR TR SR B A RE A ROR B B R IE RS 5 AN KH
REMEES . ik, Bl 5 ARG S BRI T R R IE Y,
FLAR T AR B ERE, BATARERIER, BEAIIREE T 50 FRERE,
PRIFEFTMERECA AR T 3, (AR, bRt o A — A B 45 ()
SRS PRAMEEITE, FARIELAT 5 PR EAR A P MEEE T T, IR
BLF—, IETEREE R,

4451 FMNISHR

BATRA T Liu et al. 2O 7E 2 B S50 A& I DR B AR X TEE BT E
(Fluency), PHA#RE] (Identification), ZFLRE ] (Comforting), Z4EE (Suggestion),
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BRI
KEE: BREFE BRERAEF BRESUARTDENHERSREBERE HKiBLECH
RIEARBENRHMREETE

ERgG
Eiah: IR EREREWEISEED SHBMARE XY SE?
KENE: R, ZRIARE—EBTE, RRERHS, EREAREEMNEZRLT, HZAmL £
MZIRER = A 5k, FXIT R RERIGF, AT RMIE RS T
ZifH: R rIASBEOCECHE R ER, 2XHRE?
KENE: BM, thiithRES R, ththBERT, THEIZEAMRET
ZiEn: IR, BISEBIAMRIOTE REAFREEEMNEEZIECASZ—IRE
EREHEERAKMWAER—E IHSTERZWTFE SFERIMNEBCESBEREIOAE
B
KkENE: EIXFMAESBHEFRAENLZEERN, ERFLEEZREXMIUE,
BothiaEpmEEME, B2 mERRFKE S
Fiam: MR, RIFRIIESEABMEED, XEAERIIRNTZEE SRk, (R
5E?
KENZE : VAN, HIMEGRBEEBIEF IEAE REXHEATSPREIE.
ZiEf . PRRR, FRLUIIER, ABE C S — LRt E], (RE B E SMIERE, E—RRIER, #1)
#HELTFHENAR—7, HFRNEEZBN, MR EEBCHEBEZACEN, £ FHHEE
ZRXROLME, RNt ERBFES, XA B ILIECEXRXRAETH/EMNNEE,
BE BIFHIRI X 2 [E A s S B AN (8] 3R
kBN : FRAAR, BHAHRAIEINL!
Eialh: MR, FHERATAR AR BN EEMREE—ENA"

4.3 T BEEREA,

ERREF (Overall)s X IEZE BRI 7> T 25 AL 2R A EIE B S EHALNE—
BRI B S5 ME LSO, BEARRE I TS B4 B SEd g ah iy
el EAhIRER, R T S8R AR EIBENRIERTE, ZHaE iRy
FEZENRAZGERNIER AN REESE, BEEFESENRAZS
FEXTE AR AR TS, BREEIN, BB SR, SR mL T PRy
TEFEMRES F L EEFE ML AR, 6iF B & 1 1E2E R
4452 HERDM

RAABTRT NIREMIGER, FMMER NMESNE, 2 RlER A
S TR AN T AR AR B S (5 SR G R BN ISR B B 3 b (Win) R195 T H5 4k
A E 2 (Lose)o PTDANIERE, TERNPEMNMEFR b, (8 53812005
TEBALERAL T IR G BRI IERAY, XTI R KRR, SE. 15

o

(L
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x44 NIZHIFNEER,

ARG E PRfRREN WHEREN Uiz tini A
HIGEURINERDE Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%)
BB vs. JRIEEHR 40 14 56 22 46 20 4 22 52 26

ZRERIET BaE, AREETT 7 RANE B S = R DY 2R AR

4.5 B/

AT, ATV NIRREHR I ZRAE 2 SR N TR RGTE R L5
FRIEDS TS N AR ERIE FEIR, KB T — DR RN ZR1E S
IR BRI AHEZE, HEFIZAESIE T H 7 180,000 MELE SRS TE, KX
PERUVERTT T MR, AN TIFMTIESITFN R, B BaEACOIEIR, T
HEAR V& E S B2 ERRE. BTG TR 7 AT E s, HE—0
UE 1T BERRE A IR HBE SR IR RS S N R PR ERIMERE, % T
SREATTI0 6 RO TS B o 1 T RO
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B S5 E RABREXIFRIENAIERELERK
5.1 THH

TR SFNIES, BWIMNEIEHIFRZLEEN, AT IRRAERIIELE
T, OFFGUIRAIT AR T AL Liu et al. PODE HFE— BRI N
EETEEAE S G R RIS =B EIe S (B4R T =K
FICHEZE) 3RS EIFMAVAERE T\ MIBE L R RIS R 2 ), B AE ) 1F
28T R E N RBIRIRIR R Al (Exploration) — FEf#S5Z 4L (Comforting) —
T 5 (Action) X="MHrERMRIGEHAT, BB BCA MM Y IGLE S Fr kg, Bl
f&, Liu et al POV WIGBAE T 015 45 S5 SRS A T EAR RE A I — DR T RS AL (1)
RES. BATIE, Liuetal PO TRy 75 305 | NIBLE SRR, BIR[E]
SARESHFBEANDFES: RIBXINES AR IR B S A SiES%S.
G, ANIXWMES R wmEmE 7T B E 2R, EAERNE, BeiiliEss
XFFRNE, ERIERISHONIE CEREIS, TR — 2P v & 164 S
PRI AY AT 428 ] 2 A AR AE SR,

T AE KRG TR TUIBON 15 B2 G0 X 6 28 SR SR I A T A L AR 45 (R
H, BMPNEZPNREZMR. B, RERSTHEIRLE SCRRRIEIRERI R
HUASERTIETE R, ESConv FiEEE PO SRISAR A BRI TARIEEMESE], EA
THNERTT BT H B RIS ERAMN RISAEY R, s, Hk, R
BB SCFFRIEA T I AR, RSB R R B R EE, FETE, G,
BRAVRIEFIXA REIR A M TERGRIMERE, MR, ANELHRIEBHIXI R M2 H
IERGRIERE. E5. 7R TSRS 77 ORI EdEAEG], &5.7(1)
BRI 5 BA A BRI S ZRH O TG R A — DN B SL A2 ARG, Hr i
(RAIEEaY) (EH TS, B—RIHR AR, E5.7(2) 2 HIER — D AIER:
B, HAEiEimeEd 720, AERVIEE SCRERIg, DO, E8, B—H
RIS RE B A LR B E A ELE, FBKREE R, EE21EK
B EIANE; Mk, b, HE SRS N EE XRS5 47 20800,
RIS T FOETE ZWoH — W M 51 tt, I B A ARG R AIR T

N TR ERYBRAR, FATESeE 7 — PRI BRI Z RSB SR
RAR, HETZEBE T — D RS 8 28 S R R N TE R R
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RS\ FELE SR,

REEAY | ke
e B EIm AR BB AR AL BRI, 2 TR BB P AR 4 P AR T

HiR, B1d | BWIMANEESREIE BRI, FERIEINE B CHigHI A,

TRRERARES | EWITERIAXS KB R R EE

HERREZ | B E 5 REERACNENEER, REHCHIRASZ,

HE, ZE | BAMFENKEEENEE, S, ZRUKRI#E,

B B IR H BRI

RUMEE | BN EENEL WREES.

AEELE K TFSRANZE AT IR

/RIFI T ESConv £ %R 201 g 5% [ B AN (0, & B — O SRIR AR, FRAT RS SR S 4%
XA S TH S RISHIARE, ENRTE, NESAHE RIS R E
THAEEM, BEE, BADEE iR TZBIRRIEE A R, FFimkd T
— DR HRRB NSRS, &5, BTN T RESAUIARELAN SRS AT
PERIRIE R SERl T LA IR 4 SR RIS R A] 1 m B A AR RO 2, B IEAT
AR, B S, ARERIEIKIF S RIS e R E B AN, 152
XN TER AR BEN SR B ETRTT,

/) BEAD, ERERGE, REREE \ /) BEAR, ERAEE, MERLE \
BEAS, REFRERAE, 679 BEHIZ, REEFLERNT, TS
M—isBER T, WEMELETRRS, M—EETRT, MEMELLTRRS,
Fl S MEARAER, REE FUSHICEAEUAR, REE

(e, BERLEIR & g [%%.Tﬁ,ﬁﬁ%m%ﬁ%ﬁﬂ?ﬁﬁ%ME 21,
=l ?

FHER N SEBREHR—LLdead | inefZEIIR RS

|

|

!

!

|

|

|

|

|/ XEBR, BEERTEEOIL
s, BirbRaARRIE
|

!

|

|

|

|

!

|

|

)

(BREAMEZHEELHTERD | £7
A WHERE, ERAKEFERE |
Eﬂﬁﬂﬂ,&ﬁﬁﬂﬁ%mwﬁﬁoﬁ%ﬁiﬁ%&ﬁ—¢:}5ﬁ#§
\\\

HRGHEMTFERA, RRERE
EHFERABIRT

PBREBHLENEERILERE N £
\ M—LER?

| |
1 1
1 1
; i
< #m, mARERGE, BEES | |
i (B EER A ERAREHEIS? | 42T |
! |
1 1
| |
: |

|
!
|
|
!
|
!
|
|
|
|
!
!
|
|
|
!
|
|
|
|
!
!
|

MEFE, LAMOR—ERTRX MR, EEREHIHERT [ =
ERBREMNT, HNFEBEETREAEEXASE.

(2) T, BAHERAR s

y
/

/
N (1) 8. B— A s

5.1 EARFBIREEAX] R BRSTEREG,
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FfiE 3L

HAORBERAELNT, BRERZKEITIE

> ERERER

RIESES
<AERBSD <EBRRE>

EE

@

VIR, RECERREOLE, RORELFOR(E - SRR H)
- SRR, BHIBRRE T B4 4 RAEE!

5.2  RlA SIS 0 E] 2 E S LR SR,
5.2 FHik
521 FEIEZE

5.2/ 7RG RIGRY AT RI 2 L HESR, N 1 51 AR SR aRig 1y
AR, EEAEMEFBAR NN FES: RSP IR rlE Ay E 2 4R
FES5, B E n ARIERNIE LS C = (e, cp, -+, ¢, )}, BRHRIEHIXIEAY
RAE € WM N — A EIEFERE m MEESHFRIE S = {51, 5, . 5,); BE
A, HRIE AR A& AR S AURAE S B ¢ ST RRIEES S, ER T
—AJEE Y, BRI AE 2

P(Y|C)=PY|C,S)P(S|C)

EZGEEF, BATEAEFEWEIRATIIZR X, MmN B,
FAH A RIBFRERINIZRIBRL D,y = {CO, SOM FT D, = {CD, 8O, YD} it
N7 ZR SRS AR AT AN SR rT A [E] B AR B IX (A5 F AT TRT AR T i1 5E 3y
BB X R M A R SRS KRB I T AR B R 1 = R B 2,
RIS SRR (R SHERIE 28 [CS5ER EVA L) -4
SR AR INGR AT X, R 5 T SR M AR AR A 0 =5 2 B T I SR T AR Y
HAEKEH R,
5.2.2 HREEMLIEE

PATTR RIS LRINE ST N AR R 0 FMESS, RIFN & — RIS SEA 2 417
TERHH K DRI TR X, ZREDEESHIREY = (), vy, vk} B
PN AEFHL Ry, € 0,1}y, A LIRS X BA S i DI, R TRRMERY, Z 4R
BREBHN P = {py, py, -+ px ) WD EFY], BARSIREEHLTS
g M E n AR ERDNE B3 C = {c), 00, -, 0, }, BATRHFIIMLG, B
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F gL g RS 1E_E IR ARHERR H = {Aersy hrs Agsepp Bas By Bigos) o
Bfi/f5, BX[CLS] MRt —H I E R K FRISFEE IR p,, HiITENLENE
AR

H = f,(C) (5.1)
pi = sigmoid(Wyhjc g+ b), 1 <k < K (5.2)
Hep f, Forgmtads, W b, 2 3Ir] 2SS EBHEEMRER &, bE, IR
1 py 1S 2RISR NS R S, Hit B
S ={ieSl|p;, > 0.5} (5.3)

BRI AR A, RS EREL £ (8 — B XA #2% (Binary Cross Entropy
Loss), HITHEIIEN:

K
D v+ log(py) + (1= yp) - log(1 = py) (5.4)
k=1

5.2.3 REZAIITRY[OE ERiREY

AT RS BA LR & 18 S B (Class-Conditional Language Model,
CCLM)BU SR 52 s SR B rT 2 A [E1 B AR AR 55, R 0 ¢, Tl Y i 1% 44
XFRIBEEN S = {51, ,s,), FAEERNY, BAKEEREE 5, MRS —
MRERTAT 1, RESXE L3 C PHEFNAEBBEII A, WA SR
L ERE &R AREAR P(Y|C, S):

L=-1
K

Y|
P|C,S) =[] Py, @ &1, ®C.y.) (5.5)
t=1

5.3 LWLERS5SM
5.3.1 HIEESR

WA BB SRS BAR R IR R4 S RIS RS, BATE e IR ELRITE
1\, TASPREE RIS SR TR R T 7RIS IRTE, BT AR
B, PNV T — DMEERFRIE 0 2Kds, N T RIRIAME TSR TH
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BIFRTE, RPN R SR RISTRE R OIS SRS, EREAT E
B ARl m] P B2 2R B IR B SR, OTTREARN Dy, S, AT
IS AT e HOZEHE R A RIS o fi A, FFEOT RIS B LE, Ml D, BY
—MNFE Dy, TENRBEMIIE ARG EIE S, T ER R AR IS
HIPO NP ER: (1) AN TTARE/ IR 184 SR RIS R R IR RS, (2) &
TREESCRRIG 2K as, (3) MRIRIE rTiZ AR 2 A AR Zhidm . (4) 1
RIS IR A1) || 2R EdE 2R

5.3.1.1 ATAREN IR BE ST RIS IEHUES

BATAARERIE R, bR E 12 IRERS5. 1A M B 28 S R SR g S I 8y
A& HAThRE. BATISREERLZI, WEs.7 (2) HERI—FE, EIRINTERA)
[B155 FR R (P 2R S B 28 SRR I . (R, RIAIF ESConv 4% 201 3R
BEARIEVEN, ARV R — KB EFRTH GG S FF RIS, REdE,
MREFEARZ N AIRE AN RHITIRE, FATRRE THRES R —BHEAR, 3
5000 %%
5.3.1.2 1R IBELIFRIED A

TATTRE N TARTE R/ NS 18 28 SR RIS RS BN TG B 547 8:1:1 AU LA
KN IRER., S UE SR RIS, e HEIZE RS LR T £ T BERT-Large P (Y
THLESTHFRIG 72288, %70 2K 8310 macro-F1 #8FRIAZE] 0.86, 1F 5%, HT ESC
Hds £ PO (1 48 S 5 RIS FRZE I 251 BERT-Large 5RI& 7328285 macro-F1 AR
{9 0511821, JXFEUEHE, ESConv $HEEE AR & B — SRUS AOFRIE HE NI 1526 5
FRRISAR RS I TR AYME S, AT B9 SRS AR 25 56 0 MR

5.3.1.3 MEREEAIEHOEE ERRERY)IZRETES

TRATTI FHIAL) 2 S B 28 S A5 RS 00 2 83 0 SRR B e An IE B 8247 B 3R
I, 1ETRPRIETN RIS SR S N D RAEEE G, REGE] T — DRGSR
RISAREAEEIESR D, BATE Dy, BHEE L 18:1:1 BYELBIRI 72 HIZREE.
RIESRATINALE, RS2BRTHSIHER,

5.3.1.4 MERERMIIEER)IZRERIES

R R Oy T IRIESRISIU R 8 dE MR S B, FATMELT A
FEINT T D, BAESEHFIAEERMNE T BERR RIS D ARE: (1) SR
AFHIE: SRWE s, BYHIBLREL L AT SRS L IR L, 15 3R T IEL SR 7
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FHERIZEH AR (2) ARDYIGET B RIE A RFLE:  BATR 2R 5 73
K =5 B QRERUCH N, U i WESFARIENEN [221), 5
ANEI XS B AR s, B H IRCER o Pl SR SRS EH BT LB, AT e R 5RE
W& ) o A it o X T AR HE R 2R (L, 15 AR 1 ANIRDXS I Ff B B SRS o0 A7 RFAIE

HIgtTH 45 R,

128
Ri8]

E2EiLes

RIER

e
RE. 2H iy HE. BH

(a) JRUAEIE (b) B HE
K53 JEIRIE AL,

(a) [RAREE (b) ) EdE
5.4 ANEDSIE R B SR A RHIE,

MEGTHEER, TANSE T LAT LRSS e (1) JFaEdESH BaRr R
W AR w2, B0 RIS & i sl (. B0, $2 R RIS (R aa EdE
5 EE 349, TR BE R G EE Y 42%; T B TR EE RIS ARG EAE T 5 H Oy
5%, TESE]EAEA G EEON 3%, (2) BEEXIEHARRHERE, R mHIE G
BT = BRI RO IE R BAm 25, BN, TEJFaEdRFIg T HdE T, 8
TH B ERATR R RIS IR RS DN B R FFE SGm AT i L, TR X 5
A EH G RSB R EIRRAY G T, (3) HEIA4.47 FRRYSEIREE SRR B (R
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®52 RESMIIEAES D, MIRES ARV R 2 A RS D, IFTHHER.

BORKE | RIE | IR RIEH BIAK

D 64,029

2,330,000

51,229 6400 6400
2,097,000 116,500 116,500

plan
D

gen

R T SR EHEAEIER PR, (BRI ERTSRIE AR RE L, 8BRS R
WERHRIMFEESR. BIRMES, BIET —ERE LBOK T R Aa 8 i S o Af
(2=, BUAHHE R SRIEHY & A 34% T2 T 43%, $RAHE S RIEHT & EEM 11%
FERE] T 4%,

BIKTTE, Dy, BIRRNREE M BAHRMRE, T EERIIZRRIEN
RRAU R 15 SR ML IR A LA PR o B e B SRl 0 B B R 2=, A
MRS ES.7(1) HIARESE, B—HRESIXAT N, FRE R NTERAS
NERPRZERRI, N T EBERKE D, gk GEERTRISIIRIRRL, AT
M D,,,, BHEEAFHEUE — DRI 0 SR 25 Dy, (FRIEHIEALA
R G S

HRMg B IE AT LN =R D, BAREITIRE, H&RESET
EIESRBE 210G Dy, BUHESE, RS 2R 7 HEARFIHER,

o GRFRAEFHAUSRIE RIS N T2 3 BONIE, S X il i 22 R R

o RBREAAP RIS ENIE PR L ELBIEIT 25% HIRSTE, FERSRIE DRI R,

IR/ D RS B — SR A T B

o GARERTE P SRS 5 EEBEN TG ERE RO T T R RO IE, SRS i B &

=B EIeHEZR ],

E5.5/8 R TBIERIE D MEREIN D, BHEERRIEDMER, A IS
El, D,,, BAEE, SRR S RO, BREE XN TEEREREE, VBT
HMERBVIRAIFIER, SIRRISGHT L AR, mETE . B=MKRNE
T R, UGBS ERISHY S5 LN A T &,

5.3.2 BhiEm
5.3.2.1 JFNIELR

FABEE T AR LA BN EFRRITAG (G4 SR TR R G M RE -
« BLEU-N"®3: 1+ 84 5 [0] & 19 N-gram #4 T2 [0 5 1 N-gram (ISR,
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TR REBR G

i8]

BHRE

kLS

RIEER

(a) S ERME AT (b) ANFEIRF TR BRI SR A
K55 BIERBOMEREIR D, BUERIRIED 1,

BLEU-N #E, WA RKIEIE 5253500 S 1 SR B R, XA
B T AR EIE S E SRR, R,

* Rouge-L ¥ T+8E A8 1Y N-gram HXT 52% 8 [ N-gram 4 F2%,
5 BLEU-N & XAH{LL,

o F1: I+EAMKEIEH 1-gram N TZ2Z[EE R 1-gram B micro-F1 {H, 5
BLEU-1 & AL,

* Distinct-N""8!: 1+ 84 A2 £ E 5HY N-gram 75 N-gram Z0& 19 ELl,
Distinct-N #krs, WA [E1E H) Z A EE,

5.3.2.2 ELEE

FATEEMNA T AR = Rfsi A
o Vanilla: REA TS X FFRIEIIERLERY, BME LS8 €, T—AIEIE N
Y. Efifb BfnEiR ARG P(Y|C):

Y|
P(Y10) = [ PIC. v

=1

o Strategy: Bl 5 1H25 TR SRIS Y AT #2514 s,

* Oracle: Bl & 1H4E SR RIS Y Al 12 A1 8 AE BRI 28 i, X BIAE T 7EHERR
BBz, B HESEAVIRZE SR RISIRAS,  TANE FH SRS A AL g o 0
Z5Re BEIIFFHOERE N T4 E R AT REFAE 2 Fh & HAY G 45 50
KM% (one-to-many), FHEST Strategy, Oracle 5 RETE H A1 Sz Bl H X
B4 SR RIS B T R AU AR,
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#53 HINFNER,

Model BLEU-2 BLEU-3 BLEU-4 Dist-3 Dist-4 F1 Rouge-L

Vanilla 10.0 6.0 39 21.8 312 244 20.2
Strategy 9.8 5.8 3.8 24.5 389 232 19.0
Oracle 11.5 7.0 4.7 25.5 40.2 273 22.9

5.3.2.3 ENER

F53ER T HEENMBISL IR A R, X EE Oracle 1 Vanilla, &A1& A Oracle
EFTE TN fEbR LB EE S T Vanilla, XIEHS I ANE 28 2357 RIS VE R RANY
BN, REEFEFHUIE (OIS A B AN E 4 SR AR IEARRE /], XS EE Strategy F
Vanilla, Strategy TEMMETEM MR L 2W&H% T Vanilla, BEZAEEIER AR
HHETE, X2EN: (1) @EIEN D, BHRERERE DS D,,, LR
REgAEHEXA] (W5.3.17), XERET D,),, BEEEIZRHH RIS IR
RTINS A5 Dy, MIXERHTRIE DA E W2, B4 A SRESHY tHIR
AR, RIS E N2, (2) TR SR AT [B] 5 A plos Ry
BAEMANAENE (IERmaRNs.3.4), Y ANEE S RERIRS 250
BIEE R RIS A—BN, ERNEIE 52FRE G BEE,

5.3.3 AIFM

N T 0 LR G TR 4 SRR IR Y R B B A A (Strategy) 5 ARG
TEA RIS ELAR (Vanilla) TERBEMERE EZER, BATFE T AT
L, H54.45TMHRA, BOUARERIER, BEAEFREE T 50 0 IERE,
PRIEFT P E BN LR 7 =X, TERRARE, AR i kA — 5 45 n)
SHSAEEE, IFRIEIEIE SR, EERE ). ZHRES). BEMEA
R IFIX AT HEARON P IME AL T LU, IR E AP B — 1, RIS R,

RSARTR T NLR AWMV R, BNMER NMESR N, 7RlREME
1B 28 SCRE RIS A AT 423 (0] & A BSORE Y Bl AR il 6 1 28 S FR R IS T B B R 1 1
b (Win) F195 FRLETIR E 7t (Lose), FIDAWIERE], EFA MTEMEFR L, Bl
BB R R AT 428 0] & AR AR AU I T R R S 1B 48 SR R IS Y 4%
RER, IXVARA, B G, ARASRIE KA & SR r s i E AR A, MG R
FAEE N A ROMRR G SCRHT S, B2 E AL T,
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K54 NLIZHIFMLIREER

o B PUTRAE N LHRREN YhRTE PRy
AR Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%) Win(%) Lose(%)
Strategy v.s. Vanilla 42 8 48 22 50 18 44 10 56 24
g E3C \CE RS EE
1ERBRET; BIREFESE | BE, FHREEEBRRANOE, Rt 2 FHAHE
YRR, H5 A F AR AR T
BOFTERE REER Ii%'ﬂ'? iEj’] EEE"J%ZWJ‘E%TE*E‘J, mAeSHE
BT, BHE ‘ Mﬂkfﬁ&hFM
SR BT BE. RE; B2 | BE BRSRIEEEFEFRE—T, A% —
TECHKRES, ARBERIE
Hix, BiR; 129 M, ITERIRFERITEBHIT Ll RER, 2
IXHES?

5.6 [EISHTAHEIEREG] AT

5.3.4 ZRESAJIZMEDM

BB T FAa 7 H PRG54 Rl 0] 5B SRS HO — S0, 0 SR Al #28[A] 2 AR Rl
BRI ATEEPERL T 07 SEEREE SRR, micro-F1 IXF 0.9, X BRI AI42H[E S
A R B RIFRT AT 0, FATBAEES. 6 R T4 E IR IS SR
THLESCRFRIS RO T, B R RIE ARG, AT DAIIERE, F57E A FRITEZE S
PRI, ZEpRIEI S R RO SRIS R & B2 fl; Hfac H A RIgh, AplEE
RE RO R 45 7E B 28 R

5.3.5 B4

5. 7R T — DR A B4 SRR IS B Al 2 [0 B AL R 5 AR P VR SE
SZERER, XSGR, AP DR Ay TR TR, WK ARG
AR, B, SANEE ER, SRR SE5H P R R4 R, kA
FREZEIB SRR R, SAHIR M T ARETEBNER, AP RIS
28 [,

5.4 ZNE/N\EE

AR, BTG THE G RIS RZ R 2 A HEZR T |\ T4 SCRF
R, R B A MESFHRD NN D FES: RISHRIFI SRS rTR AR 2 AR, DA

36



xHiE SR

User: &ILLEIFE.

Bot: BATNF? 218

User: BXBEHESEERRBHNN. REHBET.

Bot: MM, HIABREMFLEIESD 28]

User: LGB ARAKNERE, FRME—HEIL, RE

NERRRAR T B

Bot: T EARIFIEHRZLER BiR. §id; [HREEREGT
User: IZFBSCRRY, BIREFIEIZMIER

Bot: AMREEE R ARESHRMENLERFL 28]

User: BREBEKENITIELEZREMANOSHEET

Bot: MEMR, T{EIL{RIRMEZIE 15 REAR G

User: EHEER, MRINMETERMTRES, R 0HE
BRE—EREMN, BT TIE

Bot: WTERMRIFE—BEEEMNBCHIIELE 15 REAR G
User: MREASE, HZAZEiMAEO

Bot: AILURNIAE & ER2ME il
User: BESTHMBEKR AR IIE, PR ERTEALER D

picllal

Bot: RILURFKIRITIR A ALLED? 28]
User: RBABREELTIERE, BRREESETFITIRIZABTL

1E

Bot: MAME, OFERIRHZHWEFFIESRBEMR iR, EiR
User: =M, RRBEFEMIZZEZ TN, BRNEFNERS

FR

Bot: WEWE, RIBEXMREUE, HFMSZHME—NMRAMNEN | k. §iF; HRERS
User: ESHFFARRAMALEMNRT, RAELE=FE
&, PHESEBL. BEERE

Bot: MMETHET, BESIEMABSETENEILIE 5E. RE; REER
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BHCH4AEE
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i, NjGshdt— PRI RIE I T EdE R, BEfS, PADEOATIEH 7
AR R RIE DA W, FEImEH 7 — DRSS EHEIER SRS D, &
JG, BANET XM DNEIEE 2 BIIZR 7RISR SRS rl P py R 2R, 52
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37



6.1 T{ERZE

AR TR SN, @I B IR R, SARTAR RIS S,
WE— PR SOBE S FIE RGN 2R, BAmE, &%, RIMNEET 15
i, ZRIREIPSREFIELEHEER, NGEEIREE | EZ R EE IR,
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AEF. AR EEEET, BT TR SRS SR MR 515 2 A
P, MIMAERERTT 7 RTINS 2SI BN, AT — DI SRR
MG TR, (BT ERMAINRIES DB, M TS R4 S RIS ATz
IS AR, HET 5 AT RI, SFE AR RIS & SR m]
PERYAE RRRERS T TR TS ALR SHE L SR RE ). 45 & DA EBHRMETR,
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6.2 TEREE

AR EZEMNRTOHERGAERE RERIAEYIA, A SBZESRAIE RSt
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WiE BN TERE N NEREE R, IFEFZRTE, H5%, EHEERETTH,
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38



TETHBE SR RGHIAIRME . Bk, 2N TR SR E R GHIE Y
MUAEEEZENEY, BB ERGEEAZ2HEE, RAHEILH
F. X RBAEERIT N, &a, WENIERSRERNBA D EZTIERET],
BERRE N Z IR 5, (AN TR R R BARTE H - i A, B 2R
&, Ve, R —TEA PSR, T8, FTIENE (Adapten)™]| 42
7 (prompt)!301 S5 SH S R 75 AR RN 1 7E AU T SRAS A O FE
AR ZARERTURT AT RENE,  ACRERA TR Z A MIX — LA SRR

39



1.1
2.1
2.2
2.3
2.4
3.1
4.1
4.2
4.3
5.1
5.2
5.3
5.4
5.5
5.6
5.7

S

AREE B RE I IERE G 2
I - R B E s 6
BT Transformer HIZmAgas-fRRDaSAI B 8
EVA 8! (28 2250 5AKMZEREIN, 10
T4 S = B B R 0] 12
CESConv FHBERIIITEREG, 15
IS AR RES R A IR BRI A 2GS SR, 18
I BB T 19
B BRG] 25
FEARR BRI R AIRIERE s 28
A RIS A A E A RHEZE, 29
RIS IR s e 32
AERIER B BRI AR e oo 32
{EIESREE 7340 G 1S 2K Dy, BARSERTRIE 20, 34
B AT o oo 36
A BE RS INERAG ALH P AELRZ B, 37

40



2.1
#£22
3.1
32
# 4.1
42
43
44
#5.1
#£52

#£53
#54

RIEEG

REMEM AFBIETMEBERTC R e, 9
EVA 2! (28 {2250 MIRMOGHEREGILT, 11
CESConv BEEMIG AR L 15
CESConv BB AN TN o oovveieeee e 17
M TR S TEE AR AGEIRAED o e 21
X FAGEAEAN G T BRI B E RGO S 23
X FAEEAR AT T BRI AN T oo 24
AN LR E T R s oo 26
SR SRR s 28
RISKIEAESE D, RIS AHERT RIS A =4 D,,, BIGETHE R
33

G B 35
A L o B R 36

41



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

ZE 3R
Weizenbaum J. Eliza—a computer program for the study of natural language communication
between man and machine[J]. Communications of the ACM, 1966, 9(1): 36-45.

Colby K M. Artificial paranoia: a computer simulation of paranoid process[M]. Pergamon
Press, 1975.

Wallace R S. The anatomy of alice in: Epstein, r., roberts, g., beber, g.(eds.) parsing the turing
test[M]. Springer, Dordrecht, 2009.

Adiwardana D, Luong M T, So D R, et al. Towards a human-like open-domain chatbot[J].
arXiv preprint arXiv:2001.09977, 2020.

Xu J, Ju D, Li M, et al. Recipes for safety in open-domain chatbots[J]. arXiv preprint
arXiv:2010.07079, 2020.

Zhang Y, Sun S, Galley M, et al. Dialogpt: Large-scale generative pre-training for conversa-

tional response generation[J]. arXiv preprint arXiv:1911.00536, 2019.

Bao S, He H, Wang F, et al. Plato: Pre-trained dialogue generation model with discrete latent
variable[J]. arXiv preprint arXiv:1910.07931, 2019.

Bao S, He H, Wang F, et al. Plato-2: Towards building an open-domain chatbot via curriculum
learning[J]. arXiv preprint arXiv:2006.16779, 2020.

Bao S, He H, Wang F, et al. Plato-xl: Exploring the large-scale pre-training of dialogue gen-
eration[J]. arXiv preprint arXiv:2109.09519, 2021.

Zhou H, Ke P, Zhang Z, et al. Eva: An open-domain chinese dialogue system with large-scale

generative pre-training[J]. arXiv preprint arXiv:2108.01547, 2021.

Gu Y, Wen J, Sun H, et al. Eva2. 0: Investigating open-domain chinese dialogue systems with

large-scale pre-training[J]. arXiv preprint arXiv:2203.09313, 2022.

Salovey P, Mayer J D. Emotional intelligence[J]. Imagination, cognition and personality, 1990,
9(3): 185-211.

Picard R W, Vyzas E, Healey J. Toward machine emotional intelligence: Analysis of affective
physiological state[J]. IEEE transactions on pattern analysis and machine intelligence, 2001,
23(10): 1175-1191.

Polzin T S, Waibel A. Emotion-sensitive human-computer interfaces[C]//ISCA tutorial and

research workshop (ITRW) on speech and emotion. 2000.

42



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

Partala T, Surakka V. The effects of affective interventions in human—computer interaction[J].
Interacting with computers, 2004, 16(2): 295-309.

Prendinger H, Mori J, Ishizuka M. Using human physiology to evaluate subtle expressivity
of a virtual quizmaster in a mathematical game[J]. International journal of human-computer
studies, 2005, 62(2): 231-245.

Martinovsky B, Traum D. The error is the clue: Breakdown in human-machine interaction
[R]. UNIVERSITY OF SOUTHERN CALIFORNIA MARINA DEL REY CA INST FOR
CREATIVE -+, 2006.

Skowron M. Affectlisteners: Acquisition of affective states by means of conversational systems
[M]//Development of Multimodal Interfaces: Active Listening and Synchrony. Springer, 2010:
169-181.

Zhou H, Huang M, Zhang T, et al. Emotional chatting machine: Emotional conversation
generation with internal and external memory[C]//Proceedings of the AAAI Conference on

Artificial Intelligence: volume 32. 2018.

Huang M, Zhu X, Gao J. Challenges in building intelligent open-domain dialog systems|[J].
ACM Transactions on Information Systems (TOIS), 2020, 38(3): 1-32.

Rashkin H, Smith E M, Li M, et al. Towards empathetic open-domain conversation models:

A new benchmark and dataset[J]. arXiv preprint arXiv:1811.00207, 2018.

Lin Z, Madotto A, Shin J, et al. Moel: Mixture of empathetic listeners[J]. arXiv preprint
arXiv:1908.07687, 2019.

Zandie R, Mahoor M H. Emptransfo: A multi-head transformer architecture for creating em-

pathetic dialog systems[C]//The Thirty-Third International Flairs Conference. 2020.

Majumder N, Hong P, Peng S, et al. Mime: Mimicking emotions for empathetic response

generation[J]. arXiv preprint arXiv:2010.01454, 2020.

Zheng C, Liu Y, Chen W, et al. Comae: a multi-factor hierarchical framework for empathetic

response generation[J]. arXiv preprint arXiv:2105.08316, 2021.

Liu S, Zheng C, Demasi O, et al. Towards emotional support dialog systems[J]. arXiv preprint
arXiv:2106.01144, 2021.

Roller S, Dinan E, Goyal N, et al. Recipes for building an open-domain chatbot[J]. arXiv
preprint arXiv:2004.13637, 2020.

U=, ok, PRI, <5, A EE RO EME BRI (2017-2018)[M]. She hui ke xue

wen xian chu ban she- qun xue chu ban fen she, 2019.

Hill C E. Helping skills: Facilitating, exploration, insight, and action[M]. American Psycho-
logical Association, 2009.

43



[30]

[31]

(32]

(33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

DuZ, Qian Y, Liu X, et al. All nlp tasks are generation tasks: A general pretraining framework
[J]. arXiv preprint arXiv:2103.10360, 2021.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[J]. Advances in neural

information processing systems, 2017, 30.

Cho K, Van Merriénboer B, Gulcehre C, et al. Learning phrase representations using rnn

encoder-decoder for statistical machine translation[J]. arXiv preprint arXiv:1406.1078, 2014.

Bahdanau D, Cho K, Bengio Y. Neural machine translation by jointly learning to align and
translate[J]. arXiv preprint arXiv:1409.0473, 2014.

Shang L, Lu Z, Li H. Neural responding machine for short-text conversation[J]. arXiv preprint
arXiv:1503.02364, 2015.

BaJ L, Kiros J R, Hinton G E. Layer normalization[J]. arXiv preprint arXiv:1607.06450,
2016.

Radford A, Wu J, Child R, et al. Language models are unsupervised multitask learners[J].
OpenAl blog, 2019, 1(8): 9.

Thoppilan R, De Freitas D, Hall J, et al. Lamda: Language models for dialog applications[J].
arXiv preprint arXiv:2201.08239, 2022.

Wang Y, Ke P, Zheng Y, et al. A large-scale chinese short-text conversation dataset[C]/CCF
International Conference on Natural Language Processing and Chinese Computing. Springer,
2020: 91-103.

Zhou K, Prabhumoye S, Black A W. A dataset for document grounded conversations[J]. arXiv
preprint arXiv:1809.07358, 2018.

Moghe N, Arora S, Banerjee S, et al. Towards exploiting background knowledge for building
conversation systems[J]. arXiv preprint arXiv:1809.08205, 2018.

Dinan E, Roller S, Shuster K, et al. Wizard of wikipedia: Knowledge-powered conversational
agents[J]. arXiv preprint arXiv:1811.01241, 2018.

Qin L, Galley M, Brockett C, et al. Conversing by reading: Contentful neural conversation

with on-demand machine reading[J]. arXiv preprint arXiv:1906.02738, 2019.

Gopalakrishnan K, Hedayatnia B, Chen Q, et al. Topical-chat: Towards knowledge-grounded
open-domain conversations.[C]/INTERSPEECH. 2019: 1891-1895.

Moon S, Shah P, Kumar A, et al. Opendialkg: Explainable conversational reasoning with
attention-based walks over knowledge graphs[C]//Proceedings of the 57th Annual Meeting of
the Association for Computational Linguistics. 2019: 845-854.

Wu W, Guo Z, Zhou X, et al. Proactive human-machine conversation with explicit conversation
goals[J]. arXiv preprint arXiv:1906.05572, 2019.

44



[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

Tuan Y L, Chen Y N, Lee H y. Dykgchat: Benchmarking dialogue generation grounding on
dynamic knowledge graphs[J]. arXiv preprint arXiv:1910.00610, 2019.

Zheng Y, Chen G, Huang M, et al. Personalized dialogue generation with diversified traits[J].
arXiv preprint arXiv:1901.09672, 2019.

Zhang S, Dinan E, Urbanek J, et al. Personalizing dialogue agents: I have a dog, do you have
pets too?[J]. arXiv preprint arXiv:1801.07243, 2018.

Wang X, Shi W, Kim R, et al. Persuasion for good: Towards a personalized persuasive dialogue

system for social good[J]. arXiv preprint arXiv:1906.06725, 2019.

Zhou H, Young T, Huang M, et al. Commonsense knowledge aware conversation generation
with graph attention.[C]//IICAI 2018: 4623-4629.

Lian R, Xie M, Wang F, et al. Learning to select knowledge for response generation in dialog
systems[J]. arXiv preprint arXiv:1902.04911, 2019.

Zheng C, Cao Y, Jiang D, et al. Difference-aware knowledge selection for knowledge-grounded

conversation generation[J]. arXiv preprint arXiv:2009.09378, 2020.

Yu D, YuZ. Midas: A dialog act annotation scheme for open domain human machine spoken

conversations[J]. arXiv preprint arXiv:1908.10023, 2019.

Xu C, Wu W, Wu Y. Towards explainable and controllable open domain dialogue generation
with dialogue acts[J]. arXiv preprint arXiv:1807.07255, 2018.

Jacobs R A, Jordan M I, Nowlan S J, et al. Adaptive mixtures of local experts[J]. Neural
computation, 1991, 3(1): 79-87.

Radford A, Narasimhan K, Salimans T, et al. Improving language understanding by generative

pre-training[J]. 2018.

Brown T, Mann B, Ryder N, et al. Language models are few-shot learners[J]. Advances in

neural information processing systems, 2020, 33: 1877-1901.

Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep bidirectional transformers for
language understanding[J]. arXiv preprint arXiv:1810.04805, 2018.

Yang Z, Dai Z, Yang Y, et al. Xlnet: Generalized autoregressive pretraining for language

understanding[J]. Advances in neural information processing systems, 2019, 32.

Lewis M, Liu Y, Goyal N, et al. Bart: Denoising sequence-to-sequence pre-training for natural
language generation, translation, and comprehension[J]. arXiv preprint arXiv:1910.13461,
2019.

Raffel C, Shazeer N, Roberts A, et al. Exploring the limits of transfer learning with a unified
text-to-text transformer[J]. arXiv preprint arXiv:1910.10683, 2019.

45



[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

Sun Y, Wang S, Li Y, et al. Ernie: Enhanced representation through knowledge integration[J].
arXiv preprint arXiv:1904.09223, 2019.

Sun Y, Wang S, Li Y, et al. Ernie 2.0: A continual pre-training framework for language un-
derstanding[C]//Proceedings of the AAAI Conference on Artificial Intelligence: volume 34.
2020: 8968-8975.

Sun Y, Wang S, Feng S, et al. Ernie 3.0: Large-scale knowledge enhanced pre-training for
language understanding and generation[J]. arXiv preprint arXiv:2107.02137, 2021.

Zhang Z, Han X, Zhou H, et al. Cpm: A large-scale generative chinese pre-trained language
model[J]. Al Open, 2021, 2: 93-99.

Zhang Z, Gu Y, Han X, et al. Cpm-2: Large-scale cost-effective pre-trained language models
[J]. Al Open, 2021, 2: 216-224.

DuZ,Qian Y, Liu X, et al. Glm: General language model pretraining with autoregressive blank
infilling[C]//Proceedings of the 60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). 2022: 320-335.

Zeng W, Ren X, Su T, et al. Pangu-a: Large-scale autoregressive pretrained chinese language
models with auto-parallel computation[J/OL]. arXiv preprint arXiv:2104.12369, 2021. https:
/larxiv.org/abs/2104.12369.

Wu S, Zhao X, Yu T, et al. Yuan 1.0: Large-scale pre-trained language model in zero-shot and
few-shot learning[J/OL]. arXiv preprint arXiv:2110.04725, 2021. https://arxiv.org/abs/2110
.04725.

Chowdhery A, Narang S, Devlin J, et al. Palm: Scaling language modeling with pathways[J].
arXiv preprint arXiv:2204.02311, 2022.

West P, Bhagavatula C, Hessel J, et al. Symbolic knowledge distillation: from general language
models to commonsense models[J]. arXiv preprint arXiv:2110.07178, 2021.

Sap M, Le Bras R, Allaway E, et al. Atomic: An atlas of machine commonsense for if-then rea-
soning[C]//Proceedings of the AAAI Conference on Artificial Intelligence: volume 33. 2019:
3027-3035.

Liu Z, Patwary M, Prenger R, et al. Multi-stage prompting for knowledgeable dialogue gener-
ation[J]. arXiv preprint arXiv:2203.08745, 2022.

Fleiss J L. Measuring nominal scale agreement among many raters.[J]. Psychological bulletin,
1971, 76(5): 378.

Kirkpatrick J, Pascanu R, Rabinowitz N, et al. Overcoming catastrophic forgetting in neural

networks[J]. Proceedings of the national academy of sciences, 2017, 114(13): 3521-3526.

46


https://arxiv.org/abs/2104.12369
https://arxiv.org/abs/2104.12369
https://arxiv.org/abs/2110.04725
https://arxiv.org/abs/2110.04725

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

Holtzman A, Buys J, Du L, et al. The curious case of neural text degeneration[J]. arXiv
preprint arXiv:1904.09751, 2019.

Liu S, Sabour S, Zheng Y, et al. Rethinking and refining the distinct metric[J]. arXiv preprint
arXiv:2202.13587, 2022.

LiJ, Galley M, Brockett C, et al. A diversity-promoting objective function for neural conver-

sation models[J]. arXiv preprint arXiv:1510.03055, 2015.

Li M, Weston J, Roller S. Acute-eval: Improved dialogue evaluation with optimized questions

and multi-turn comparisons[J]. arXiv preprint arXiv:1909.03087, 2019.

Tu Q,LiY, Cuil, et al. Misc: A mixed strategy-aware model integrating comet for emotional

support conversation[J]. arXiv preprint arXiv:2203.13560, 2022.

Keskar N S, McCann B, Varshney L R, et al. Ctrl: A conditional transformer language model
for controllable generation[J]. arXiv preprint arXiv:1909.05858, 2019.

Zheng C, Huang M. Exploring prompt-based few-shot learning for grounded dialog generation
[J]. arXiv preprint arXiv:2109.06513, 2021.

Papineni K, Roukos S, Ward T, et al. Bleu: a method for automatic evaluation of machine
translation[C]//Proceedings of the 40th annual meeting of the Association for Computational
Linguistics. 2002: 311-318.

Lin C Y. Rouge: A package for automatic evaluation of summaries[C]//Text summarization
branches out. 2004: 74-81.

Houlsby N, Giurgiu A, Jastrzebski S, et al. Parameter-efficient transfer learning for nlp[C]/
International Conference on Machine Learning. PMLR, 2019: 2790-2799.

Lester B, Al-Rfou R, Constant N. The power of scale for parameter-efficient prompt tuning[J].
arXiv preprint arXiv:2104.08691, 2021.

47






5 G|

LRI E RONRIBEN KR OE S, BRI ASERZELOR, EZIMK
HIMEES SR, TR, SEEIMAERMIT TR AT B AE A I
Hgher, MiE, AREXEREHSZEZREN, —BRREEER, #R&4E%
mio [FIN TR CoAl WEH BIRRIFIH I G35, SURMI—FARL &
RKAMBA, Z23ia5 PR,

S FEEE I REEINYER AT Z BB RAT], B AR AR KILiES:, hl
JEBATARREAE tH S0 R A A

BB RAIR N BIRMIERAIN H SRR, LRI R AR AT
INESREARFE X TR ATAE 5500 RENBEL, /NBERIEIRIEALHUR A R RE R
FIRANEAR, POCTUHERMKIIEE R, ROKBSHITENRS:, &S LT3
GFHIERR, AREATHRIES . MRTHRAB R E R IEY) 550K, (2
R BITERIR By — DB R eSS, AR HIEERERNTE,
UK EE

BRI IS R Z SEE, RMNAT—ENERERET 22X, B0
SEELM—D YR A —NINMET, BTSRRI, BTt
mARAIPIR, BAFRD, ARRH 7 EAERZHAHE MR, AEHA]
RE—EE

49






A PR

ANAEFY: FrE2ZAAR S, —RANETIMIE SN, ML HHATH L
TERTIUAR I R . RIRFTEN, BRSCh EEvENISI A ASL, AR St
TERRARA B AR AN A ZAER AR . REAR SO R 0 7 TAR G v
WA PR LA AN N R BE A, 1 LA S0 AT 7 b

L-
P N R ND)»% 7 2. 1),

51






IR A INCGERIBVIER IR S

Towards Emotional Intelligence in Open-Domain Dialogue Systems

Contents
A.1 Challenges in Open-Domain Dialogue Systems.................coociiiiiiiiin. 53
A.2 Emotional Intelligence in Open-Domain Dialogue Systems....................... 54

A.1  Challenges in Open-Domain Dialogue Systems

Before the emergence of large-scale pre-trained dialogue models, it is a typical phe-
nomenon for the dialogue models based on the recurrent neural network(RNN) to gener-
ate generic, short responses such as ’I don’t know” and “yes”. Thus the main challenge
at that time is to improve the relevance, informativeness, and diversity of the generated
responses. However, these issues are significantly improved in large-scale pre-trained di-
alogue models through scaling up data size and model size. Standing on the large-scale
pre-trained open-domain dialogue models, researchers start to aim at higher-level con-
versational skills, in pursuit of a more humanized dialogue system. A series of works!!-3!
point out that the existing large-scale pre-trained dialogue models still get unsatisfactory
performance in advanced conversational skills such as knowledge, persona consistency,
safety, and emotional intelligence. To address these challenges, researchers have con-
structed many high-quality dialogue datasets!># 13261 targeting specific conversational
skills for fine-tuning the large-scale pre-trained dialogue models on the one hand. On the
other hand, instead of limiting to a data-driven end-to-end dialogue system, researchers
have also sought breakthroughs in model designs, such as incorporating external knowl-

16-17,32]

edge! or dialogue strategies [18-19.26] "t further enhance the advanced conversa-

tional skills of large-scale pre-trained dialogue models.
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A.2 Emotional Intelligence in Open-Domain Dialogue Systems

Embodying machines with emotional intelligence, an important feature of human

[20-21]

intelligence , is one of the long-standing research goals of artificial intelligence.

There is a series of studies in the field of human-computer interaction 222!

[1,3,15,26-27,27-31]

and dialogue
systems point out that embodying machines with emotional intelligence,
making them be able to understand human emotions, express empathy, provide emotional
support, or even psychological counseling, could significantly improve the long-term
user engagement. We classify the level of emotional intelligence in dialogue systems
into three levels: (1) Emotional Chatting: express specified emotions in responses. (2)
Empathetic Chatting: understand human emotions and select the appropriate emotion for
responses accordingly. (3) Emotional Support Conversation: deeply understand users’
emotional situations through combining both listening and active exploration, achieve
emotional reassurance, and provide effective suggestions and solutions to help the users
solve their emotional problems. With the improvement of the level of emotional intelli-
gence, the interactivity of dialogue systems is significantly enhanced. In particular, an
emotional support dialog system that can effectively channel negative emotions also has
an important social value in the context of today’s generally stressful society and increas-
ingly serious mental health problems. Therefore, the emotional intelligence of dialogue
systems is getting increasing attention and there has already been a number of exciting
works.

Zhou et al.!?"! first define the Emotional Chatting task and propose an emotion-
controllable response generation model called Emotional Chatting Machine(ECM). It is
worth mentioning that Zhou et al.'>’! further presents an analysis of emotion interac-
tion in the dialog dataset and finds there are some typical patterns of the correspondence
between the emotion category of the context and that of the response. For instance, the
emotion category of the context has a high probability of being the same as that of the
response. And when the emotion category of the context is sad, the probability of re-
sponding with the emotion category of like is also high. The existence of such emotion
interaction patterns leads to the study of Empathetic Dialogue, whose goal is to enable
the dialog model itself to understand users’ emotion and then to select the appropriate

emotion for guiding the generation of responses. Rashkin et al. 15T constructs a novel
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dataset called EMpaTHETICDIALOG and proposes an emotion-aware response generation
framework for empathetic dialog generation. Specifically, they first leverage an emotion
classifier to identify the emotion of the context, and then both the identified emotion
and the context are fed into the dialogue model to generate the response. Subsequently,
a series of works make incremental improvements based on this framework 28211 For
instance, Lin et al.!?®! proposes Mixture of Empathetic Listeners(MoEL), which intro-
duces Mixture-of-Experts 1321 for modeling empathy in dialogue systems. Although em-
pathy improves the emotional intelligence of a dialogue system to a certain extent, it
is still difficult to effectively channel users’ negative emotions with empathy alone. In
order to achieve emotional support, the dialogue model should also combine active ex-
plorations with listening to deeply understand the user’s emotional situation and provide
reasonable suggestions and information to help users solve their emotional problems. To
this end, Liu et al.[?®! simplify the Helping Skills Theory?®! in the field of psychology
into the ESC framework. The ESC framework consists of three stages, namely explo-
rations, comforting and action, and each of these three stages contains several emotional
support strategies. Under the guidance of the ESC framework, 26 defines the Emotional
Support Conversation task and collects a high-quality English Emotional Support Con-
versation dataset called ESConv. Automatic and human evaluations show that: (1) After
fine-tuning on the ESConv dataset, the ability to provide effective emotional support of a
powerful large-scale pre-trained dialogue model Blender!?! is significantly improved. (2)
Incorporating the modeling of emotional support strategies, i.e., explicitly selecting the
appropriate emotional support strategies and then generating the response conditioned
on both the context and the selected strategies, can further enhance the dialogue model
to provide more effective emotional support. Overall, these two findings illustrate the
importance of high-quality emotional support dialogue data and modeling of emotional

support strategies.
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