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BEIR ABEE G R R SEFE RS B » (HZ B m iR L sk e T =
R - BEARESRI A ARE ~ i ~ ARRTEIHZ IR - ZERRAEE R 2
HAME - R BIERAYRSE: - FFEE L HRGE S IRE RIS - #la0 -
BRIV IS o ] TR AL FH B U ARIE . ~ iS4 RKSE (Binsted, 1995; Binsted et al.,
2006) 5 S ABCEREIE » TS sRH R AR RS 5 M L0 M & 1S E v
i WATEARGE - USRI EF -

AWFEERY - {EMFEEAHBRAR BT B R - DIERET Fh SO ABRAIEE - 40fe]
EFE RS EIEN - DUE R AR ER T - AR ~ %
i~ IR~ WOED ~ BIE -~ KRR SUE - MOR Y R EIEE SRS - 2
THER RHMEER - B ABREE ~ FErELin TH - &2 Aenscit
AIDAEFIAHEEEERE ~ HFEEHREE -

HEEME » AWF9EHEE #2019 4 H A& NII Testbeds and Community for
Information access Research (NTCIR ) G258 3 J B SRS (short text
conversation task * fi&jfl STC-3 ) Hr—IEH S [EFE ¥ EE4 1 (Chinese emotional
conversation generation * {5 CECG ) {E# T2 HENvaER} » SHAZEE 27E GPT-2
B BERT £kl TH - BEF 7 B HEERAGEIRHE - LA CECG fe iyl
BRGS0 FASIEER « =47 SCREEZEA AR R - BURARHFSEE
BRI - B 20194 CECG PRIl EEIBRAYRM - FHEPRIREUKEE -
HE—DIIZER TR - ERFIRRER S BIEEE © GPT-2HYRE S 2R EL
fhrrmtE R LA BRI ~ AR - SEERYEIESCA] -

T —ETR R R e REAERE SRR ~ /A CECG FEHERS - 28 =R AT TR
FHRYERGR ~ £l ~ JTEE T H - SEVYETRRBHERAE B R R R R E P -
B —HEIRERS AT AR AR — S EE R 71 -

T URRERSY

AREFFe/ A EE R RAAHRRITTE - FHEIL 2019 4 CECG RURF L2 B
iR HCR AR 2RI SRR, -

() TG kA E R R

A EE - HEHEERAKEE G0 (B e - o] AR A
NES A 2 - MHBARIIF SRR - (R BRS RRAY 25 nT B o (5 F 5 Y 2R B (Partala
& Surakka, 2004 ) - e FH5E A 2 = B DU AR A IE 1A Y A 8)) (Prendinger &
Ishizuka, 2005) © Skowron (2010) & T —HEEEERM » fH R IHEEE R (affect
listener) » A] DAE PRI ZAAIE RUAHBAAY g [0 e P& a5 EE - 18 SEhfgE 12 22
TER R BRI B - TR R R 3 AR A T ERHRA AL A ) By
¥ o BEHEEDUE I KB SRR K -
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% e 18 BRI R DL A ORI SE - 5 @ Cagan S5 (2017) & &5 T RBIEE
A I RO R AR B LA A BBE Y SCE (opinionated article ) 5 Hu%E
(2017) FEFAES B B#RIESS (variational autoencoders ) FEH I 4E A » T iR
b S MR e 1 (BIANIE B A S BEHE ) S 3 Ghosh %5 (2017)
FEH T BRGES A - DUREIRCIE (Long Short-Term Memory * f§ff LSTM )
it B B RS - AERE BTN SO AR (B e —RYSES -

I =AM SR R - S/ E AR B/ ERERME - HAES HR M ERE
o WA REERIRER o AR STRAERZ WT9E » 2R R AV K
IR #EZS (emotional chatting machine * f&#% ECM ; Zhou et al., 2018 ) °

ECM #tfi gy Ry « #67E — I SCBEE En G RSN - EA G S
FEEUIREIESCF » HERFFFY%TFF%1 (Sequence to Sequence * fiffi Seq2Seq )
AR E 284 (Sutskever et al., 2014 ) @ I EHRIRA ~ WELERECIE LIMNT
CIEF =ik - DRy 436 BRI (S ~ FRERIEHEER] ~ [BIFE) ERMEEIHE -
b2 B[] JRE Ry SRR R B K BE TSI Weibo BUTEREAIES 5 B HEERIE S
%8 > 43A ks ¢ Angry ~ Disgust ~ Happy ~ Like ~ Sad B Other » DL KRE NLPCC
2013/2014 18 AT BB ERERRY BEFNIRR » S Bi-LSTM $ 38 S Bl [ml FEHET T 1 44
ROH EH E A 0 IERER Ry 62.3% © KL+ HFIRE R E R - (HIR &R &
K (K436 BRI - ATRIR A B R o £ Titan XHYGPU b » SRHFEFIIHRIEE
R — 21 -

FLECM EEAMIEIE - DI=07 A B4 Al N A B BRI o WAE F R [E
JEREGEE ~ HR » KM AIRE AR MMAy » 430 ~ 1~ 2 =558GED - TBHEE
F P ERN S IROE S GG ERERER—2 > 570 ~ 1FREED - ¥200H]
231,200 HIEIE (FRIEE SR ZH R 6 BTG FE [RIFE ) BURERL - NAGE 514% 3%
297 ~263%3E 15> ~ 22.1% F05 5 MIBHE R 172 E 5 42.4% » 05375 58.6% °
NEEEHGIEE > A2 HBH17EE272% AR 17181058
10.8% * FI#E a1 38.0% « HBURIEES + 2 R URBRYIGHEBLEE € [0 FERY TS
K o AEABRE R EFRERE - 21 <Happy, Disgust > 8 < Happy, Angry > © JRE[l
B R BRI ERE  HEEZEL ~ 2RISR » £ Weibo HED 8 » Bl
FARANBRAE - TR -

() CECG FRHATHS

25 14 JENTCIR (2018 £ 20194 ) Z2H#1 Short Text Conversation Task ( STC-
3 FEERIE A ERR OIS REEER A (CECG ) BYFELE (Zhang &
Huang, 2019) - HAEBEF Sy © $IABIHZERIRE S (post) » Rt T ATEE
TE R (1548 ) HYIEIE (reply/response ) » HHPE#EIL I8 ¢ Anger » Disgust
Happiness * Like ~ Sadness * fE#SHEIFIATT (ABF7esEHHRIBIF)
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(5 : i) [BIRE - B R T
TR pIh e FE R SCTREFRSELRGHIER - (HEMGHEEAIEIE - 26
PRIEHERY -

TR R AT RE R R B R B KRS I 5 B Y SR E » #8850 170
AT (2019 FEFERHIA 110 B ]I » 2017 FEFERIKT 60 S HI ) o S5 4 Hi 2% S B[]
JE - FHEERAT DU RS A RO 2 S B E FE RS KR - HLMERE MR Ry 62% » FEAN

F AT ERHE 200 RIS SO I » 2B BB TRMERIZ S » 2 HIRE A
TGRS P RIBEILFE R 1,000 B - G2k EH 1HEERREY 21 (3 F5 58
Hrb 16 frfFer& NEK (R M SRR )

P B2 221y 16,000 A RICHEREAE—#D - MHBR & BB AR EEE
315,263 HIf » JKF35 26 0] e Bl L (3] B AR SR BE R HE PP 1% - 550 B BB R B IR S
(Baidu Data Crowdsourcing Service ) 17 A TEF o A& HRBIELEH TR =AY
Bl - =GRS & BN E TR AT, « SEEMERIANT

IF  Coherence and Fluency

Hk

IF Emotion Consistency
LABEL2 (#5243)
ELSE
LABEL1 (#5143)
ELSE
LABELO (5043)

Hr Coherence /R Bl %8 S ELEGHE » Fluency B[RRI ~ S » 1
Emotion Consistency HIJEEZL K [ —2 -

TEREIL 15236 AEEY » = E  BOEHEIEH 9,527 A (62%) » A
A FHMEREAS515000(34% ) » =FHENFAZEHF626H11(4%) - HIRZEEE
Rl —SUME R E5E 0.96 - ZBEAVERTR » 150 IRE (e Fs 200043 ) »
Bk A3 He Ay [ JEE A T 3 (1,000 ) » BBy R% B 3% o il SR S 25 43 B (LRI L B G |
= EEIHE s R 2.0) o S5 Sim s r B B# 0.953 » HAR 415155 0.821
0.814 ~ 0.738 ~ 0.726 » FFHARAYHG IR A TE(NI G 2653 8 - 1 A B R AR E
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KR > 2 R REANEL o AT E R E SR T8 (Zhang & Huang,
2019) -

AEEBRAIERE - A EREE M Seq2Seq RAIFIHIBIMER] - 1 EHMAETE
FEEBL 7 — AR PGSR - G TARE 2B RSB LR - DAMEfE
i RIFAIGIRE R o A BB S 91547 Ry 0.738 » IIAER IR EHE
HASSr N1 0.953 - LA RUBGHHAE (ERHIR) 2 SRV BRSER % - BIER A TR
FEAETG ~ TEREOAMEREIE - BSRILARATIN > A -

= W
ARUFFEERRIN T » SHIL - FRERA Seq2Seq B » Tt Bt BEHY

Transformer ° AETEFHE B AV ~ J5ik ~ TH ~ R LUK
R - IREA A R T HE AR R -

() ZEEEE23E (Deep Learning )

RN E AR BB R E R /85 5058 - REIRIFCH i
TEFZ AT HRFIRRE ISR - DU 2B AR RSt B 2Rl - BEfS AL
HEL G - BRESREETIH - GRBMErER - maEZERRE
=[5 HEATR - HEEBERM - R A S A HE A5G - ikt
WA TR - BRI RS S E (LeCun et al., 2015 ) RYZERELEH] -

DAAE -+ HAE A Bl o 9 A g - HIpRea iR - fE8E G
& A FEGEE (exclusive OR operation ) 38 ZHPA%L (Minsky & Papert, 1969 ) ° %%
FHER G A 0 B A e i A B g R R 26— g RS - st rT DA AR
HIEKEL (Hornik, 1991 ) A TEEHE R — R BV ERE (BIAMKIRRTE ST » A2 il
FERAEISCF ) » BEi e R 2 2 DI M R BE BT A REER B bR B e A s H
J& - (EEGEm EARER AR -

IEFAGE R L G IREESE - BRI R EE - 2 i R R
B HEIZERIRES] - LU EHERRAECRB] - 2012 4F Krizhevsky 55 (2012) £
FH VG WibAS s - SR EELEE =44 26 2% MY SRR SRR Y 153% » 17
ez tg s G ERRGE RS g B - 188 - B EEEERE - i HAGR
KR - e BiE R A FAYTREE (M R E e REEE ) - Kl
AR Ry R e B R 7 -

20174 Vaswani 2 (2017 ) $2H T Transformer ff#f5#s (encoder-decoder )
R A I 2 A - S WT DUSEATE B ELRE IR B R PR B4R R (long-distant
dependency ) Y H FiE = JIHEH] (self-attention ) » HURFEEAE S H A IRERIIFS
##& (recurrent neural network ) * [M7EH RGE 5 Fr i BB A2 G BEER
REZEFRIRHETIIFAL, -
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(£) &S Y (Language Model )
FFZ RGBS RBEI TG - B AR MEREREE S R - JREIAESE
AT el - TR EEMEROASET T —E T EAR RO -

P | ® D e Dy

BN - FEREEFANBESERIE " mao zhuo lao shu , PUIESLLRAT =07 " e | 2
# » FHBE R

P(E 1 3, 48, 3i) > P( | &, 42, 5if)

IRENT SEHEE B ) FEATCRAYRER » S MER TSt —/ CGFaREt)
KIEHE SR A AREERE FE R R~ BhEH -

M IIERE S AR IR AR RS SRl S 22 (language modeling) ° AR[MEES
PE RIS - JRBIT ARG N — (A3 R R | R S S YEREE - DAGE
KHEC = (SHpk, S, 3675, Sopl, s Rl - DU (T 7 4] ) BUEER
JEEHRERNI R LT P (B 158 SR PR - E LA 7R T I R AR ET 5 (maximum
likelihood estimation ) AJ75:H :

P(HkISH) = PGERL) / PG =1/2=0.5
P(FF5) = PGEFH) / PG =1/2=05

S - PR IECIREHIB A+ TSR - SR B2 - (R -

P(HkI¥) = POAIEE) / PRI =0/2=0.0
P(F ) = PORIFE) / P(A) =0/2=0.0

JREN (Flk, $955 ) RIFRIRERAR 0 - IRUR MR IR A AT C HI B - 2
B DICHIBRHIRIEE SR - 3P AEES bk, #5F) s - HHE
b NMECTHREUAIES (B, i) - N ikGEE S WA L e AR
YR -

SRR iR Fhy - LR R R B 22 A 73 25£ 753X (discrete space
word representation) * ZREIEE ~ 9~ Bk - B~ 5F B - AT ANE
WIS - SRR S SRR - HAIBGE R AR A (R EELL AR T HL R

BRI - B R EE S LAY R 2000 £F /2 45 #% £2 i (Bengio et al.,
2003 ) » FRe Al 5 w LAn A T BRI &V (w) 2R+ IRBMSE 7 H0E n M
ZEf LRy —fEE, o PR Ry 22 R 7 EEE /X (continuous space word
representation ) ° S HRE S GERRRIHER E etk - VOI) R bE
ATV ) ~ V(k) STV ##8) ~ 1V EF) STtV ) - IXIm e e -
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QiteE] 1 EEBIRTR - EE TR AT DUR e A M R AR B R
AFRSERIAIERE (-1.1, 0.8) BELAFIRIERE (209, 1.0) » Bk (1.2, -1.1) JTRH
BE (1.1, -0.8) » IKILIEHE - HOERERIEIRER Bk, 305%F ) SRESIRE
(B40.45) - MEEEEERRAN Bk, 55 ] fEsig2E i vh e AR
B (F14010.35) » TAFEFFERO T« MEERIKR BLgE ~ FomeAFaEL - HELEHE
i (EEBE ~ ) BT RRRBESREIIE - EthIEsE Al REH

Bl A—tp@fERMEATH  #H o 3 #
BoR o REFANBRHAGZTER

$(-0.9, 1.0)
i Q. N
(-1.1,0.8) N

N Hi(1.1,-08)
O(\\ ‘%E}E(Lz,-u)
Hi(-0.8,-1.1) E@Oﬁma43
08,-1.2)

3 R R AR R AR A
JE Ry R A TR AR A -

Ja 1 DGEAE A2 R R R i ERORE o RO T RIIREE R AN - #R A
EEER T ERE S BIGAIINEE ;M HE @iy 22 - DU BRI
HirlA & 5 (similar concepts having similar vectors ) FYF5E /72X o BHEELLT A%
& B EGE LT g AIESE ST B RGE] - SEELT A ) (embedding)
—FAMZ o L TR L FedA - BIRE Ry A (word embedding; Mikolov et al.,
2013) » S kh] - HIfERyA)i A& (sentence embedding vector ) FoRiZ: o —HE
HEEE I TS » BR T AGETHIIEETE ~ #Em e NMAERYBILR
A+ AT SR - FIRRH S EER R R A R (R THAN A pre-
trained model ) » [ ] LS SEAG HAMERIARI A5 61 7043 (fine-tuning ) 3#EHT ©

i R TEEIBR (FES ) B8 » DUETT NIFRY B RFES IREER - a0 :
FIE ~ fi2E ~ 035 - HATCBORERS & » AT @ L ISR m& R 7E
SeAllR L AR A 2R R A ~ B EAIZ{LAETT (generalization ) » i
R E I - ] DK 5E SE R B4 A4 RE © 2 MK EERLE T A~ 2 S
BARRE - 3R RE B AT 2 I B REYR - 7EFAYE (open source) i K T -
REAR A ElRn i R BRI THR IR A » DI AR RARE A - Sk
[E SRR B AR -
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(&) T RY (Text Generation )

it = ARy T B 2R R WEREL N2 52 © OpenAT/ZAH]fR 2018
6 HFRH A4 R THANBR ( generative pre-training » f#f% GPT ) %Y (Radford et al.,
2018) » H By 12 g Transformer B IIATZR A HEES - w1 H DA ET T —11
?EE_IE"JTE%{&FT%%K[E@& HGPT L ZHEAHLSTM (Hochreiter & Schmidhuber,
1997) RYHERERE S » HL ] FHIHISE R Ay SCA] o ZREI GPT F &R i K 5 22
AT IR 1E;E’<E’Jun = A o AL Transformers Ry FERERY GPT BN R 4T -
OpenATFEA 2019 4-HEH! GPT-2 (Radford et al., 2019) » HEL GPT BRI B
K RE12EF 48 - o RBYZEMEE 1SR 28 - JiiE R EthE R (¢
GPT [ I SGB #27+%(40GB ) -

GPT-2 n] AR HETfE S FE ™87 - 3t H R PR 9 {8 2 e PR 1 {1
F o DISURRETHIH B B S - ANNE 2 s Tﬁﬁﬁ)\rAmerican dream is <
#% > %%ﬁ*ﬁﬁﬁﬁ?ﬂ B TEE] - HLLT to  BUBERE S 0 Fy33.3% 0 HX Ry
Tthat ;5 5.6% ° 3% "to 4 BT American dream is to | E’J—Ffl%ﬁb "be J UBER IR
& e ED@%ET‘E(HH EERIRE - WIEE4 ~ 5IRIEIRY other » GPT-2MKARREAE ST
BOGER MEF - BEEEAE Rl -

2 AllenAl#dst (https://demo.allennlp.org/mext-token-Im ) 4% il GPT-2&

Sentence: Predictions: Sentence: Predictions:
33.3% to 11.9% be
American dream is 5.6% that American dream is to 88% have
4.1% a 45% make
3.7% not 37% create
2.7% the 36% become
y « Undo z < Undo
Sentence: Predictions: Sentence: Predictions:
28.0% able 20.2% the
American dream is to be 19.4% a American dream is to be able 8.2% our
6.6% the to dc? son:uethmg that is not 66% a
possible in
4.2% an 5.9% other
2.0% in 5.9% any
z < Undo 2 < Undo
Sentence: Predictions: Sentence: Predictions:
18.3% countries P
American dream is to be able 5.6% industries An::lerlcan dl:.am I:. to'be able | 15.5% "
i i methin isn
to d(? somethlngthatls not 5.2% ways to 050 .Et g that is .Ot 132%
possible in other possible in other countries
4.8% parts 11.8% "
4.6% places 5.1% and
z < Undo Y, < Undo

202045 H 28 H Open Al E#E—FEK T GPT-3 (Brown et al., 2020) » H
I ARHIEEIIA 96 J& Transformer » FIEAERYREH 1,750 82 % - I HRVAIIBE
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FHERT 45TB (BAUFIBRIFIUTER: - 8% LSRR 460 EEET) - Ha R Xt
GPT-2#1R% - WA AR 2 DU IR 2 H SRGE S R BRAY TR -

AR5 Du (2019 ) 2k GPT2-Chinese (https://github.com/Morizeyao/
GPT2-Chinese) * FIZRERE I HYEIEEZERL » 18I0 H B4 RS RIE - HA 12
J& Transformer » TEAERNSCFIG » AIEEZAYIM AR B R S12{8F » W E]
HEE - THERR 1,024 {5 -

GPT YIRS - 2 LA H RETE T =(GI#R (self-supervised training )
HRRAY « JRRN - SRR E RIFRYRERE - AT TR A CAEGC LR -

SRR —a T EFRA - a3 Z@mA T ANZHT o e s SRR
B — i iy s F EH AR - N30y W) - AR RIBEL
KGPTHETTARLTHM] - S e BT a8 - BUKERZ DLBEIENE (error
backpropagation ) J3= » ¥ HEE A (gradient descent ) %228 (Rumelhart &
McClelland, 1986 ) » GPT fifi F PIFSEE SR A » ke CRAE FERHIEE i el tH -3y
FHE i ARYEES 1 2125 8756 - AFHE G+ 1) DIRryaE&EE -
B3 J4%RGPTHH =5F&
PZAN ) BT ¢ B R
Bttt b w
GPT
A A P
/NI ) B S
FE AT R R AT 512 fH T -

(1) S BHf# ( Text Understanding )

GPT A i FHE| Transformer WY AEHS 25 2844 - H UG R H @Y 7K
THMI R — {5 - EEESC A - AR REERIRI - DIEH A BN
Bl - 2018 £ 10 H Devlin 55 (2018 ) £ Hi B 8 #6525 1 8 [ {5 15 25 2R 5l
(Bidirectional Encoder Representations from Transformers * f&j#§ BERT ) - HE4$%
A EER B  SBITAN ¢ R HE ~ BRI ~ BEIEE - SCEHEEERR
SRR RS PR -

BERT Yk 5 2R F A S =CAEE S 14U (masked language model » fif#
MLM ) » Bk F—4JR9FEH] (next sentence prediction * f#fH NSP) » 4ll& 4 7= -
FETAIRRE R N2 - AR T AR - EAEE L &5 » fEdiA [CLST »
[SEP] FioAfF#E1% - MLM HYFIHRRE B AR 15% “Fia fEREGERERF% (A [m]
B [MASK]) » ZK BERT FHHEIH (EHERYHEEEE F45q 5 10 NSPRIEF N —HLL50%

1 https://www.reddit.com/r/MachineLearning/comments/hOjwoz/d_gpt3_the_4600000_language_model/
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FIBER A RREE R A AR AT+ 0KF (CLS] RLEAYHE H 56 A — el FE B A ifies
#di% (neural network » fiifE NN) 23 » DIFHHEIA [SEP] 23 FA0IRIAIEE 275 Fv b
NAJIIBALR - e T L BT A AR TR - [CLS] 2RFARTIR - RIS
FMEE AR AR AR o DR EERMECERIEEBIRIRR - e NS
(AnopdE ~ RESE) tHERR k% - BERTAE 11 T HARGE S IR EEHAT R L - 385
IR AR EHRCR

FHA GPT i BERT #& FL A Transformer PR RS ARG - FHofiay A Bl Hiry
T AR i AR - BEAGFR EADL R R G AR &+ T 3
FRA T EAERE Ry 768 #E - JRENER 768 18 EEEFIR (GPT-3 FARIRIZERE » A
) -

Google fREH BERT IR TELL R HAIBRIT - g - fEBLIERE |-+ A
WFSEEAI BERT $14 GPT-2 B AL 9 S BURRIEET S » 4T Tl b i
AR - DR E S nlfE - AR R R FE R A -

B4 BERTI4k & XF&

A =
LA B S S B 0 SN L S
BERT 4
tot 1ttt BERT
[CLS] [m] Z #] [SEP] 1 7 [m]
(O T A O e A S N N R
[CLS] A & # [SEP] M K = [CLS] A & %] [SEP] & #H &

3 el Ryl R EE S A - AIE Ry N — R TE -

() E#E L ERR

ARWFFEEE RIS A G R - HEREP BRARANE 5 PR - &5t - R
BT 7S5, Web APL 7 =15 FHERIEE S (post) T A » DAL L 18
SO AT S B SKFAREF 1Y GPT-2 EEAE n HI[BIE (reply ) o Ky 78 FALIE—RI[E]
R FysB s - K F 3 3 s B g — R[] e A EIFIBRIFAY BERT » LATHIHIEZH
[ JFE e {5 FH & 38 SO N — 42 3B E M (coherence ) 2380 » K IL 3 88E 738 n HillE]
& - BREHE iR m i FEEERG A -

1E_FIRAgFRAE T - FFE S GPT-2 B BERT #GIHK - H AT AR5 E
Ry STC-3 EHFERMFRALR) 110 EAHAVERRE » HO3HMk 2017 FERYFERIKT 60 E5HH -
FAEREGTHRY 170 B RHEEE - 35 L EEREFHIARLL [[post_i, post_i_label], [reply_i,
reply_i_label]] FREGETE > A0 FEIFIFTS
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5 HHHFEARAE

s (g Web APl

t

HOEE T HHE
fy n SR X
BERT T A GPT2-Chinese
| [mmmmam | oo S
BERT L YE@EU%& e [ GPT2
SES R [ JRE Y5 E =
N~ N~
AR R ARkt
B A
[
[
(Ol H 1757, 07,
[ 3 B 3, <17
15
[
[ i 2 /T SER /N T o B — B 1 ZE A, <1,
[“H 2 KWK ~ [ 505 17, 57)
]
]
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Abstract

Based on the corpus provided by the 2019 Chinese Emotional Conversation
Generation (CECG) evaluation task, an emotional conversation system is
implemented in this paper using deep learning and other technologies such as
GPT-2 and BERT. The effectiveness of the system is evaluated based on the
test data and criteria provided by CECG. The results based on three human
annotators show that the system has a similar effectiveness level with that
of the best team participating in the 2019 CECG task. Further case studies
reveal that the more post/reply pairs about a topic in the training data, the
better the language model of GPT-2 to generate innovative, interesting, and
perfect response sentences for that topic. The main contributions of this study
are: 1. Integrating emotion into the post string as a condition for computing
probability, so as to simply train GPT-2 and make GPT-2 predict in the original
way; 2. Applying BERT to predict the coherence of response sentences as a
basis for ranking. Although these two techniques are derived from the training
mechanisms of GPT and BERT respectively, we have slightly modified them to
fit the task of CECG and achieved good results.
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SUMMARY

Introduction
In human-computer interaction, automatic recognition of human emotions
for appropriate response can make human-computer interaction smoother and
more effective. Related research shows that the expression of empathy can
increase user satisfaction and promote positive interaction.
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In pursuit of the above delicate interaction, this paper presents the building
of a Chinese dialogue system that emphasizes on emotional conversation using
state-of-the-art Al techniques, namely Generative Pre-trained Transformer (GPT)
and Bidirectional Encoder Representations from Transformers (BERT). This
emotional conversation system (ECS) is expected to respond to a user’s post with
a fluent and coherent reply conforming to a specified or detected emotion.

Problem

Specifically, this paper adopts the datasets and evaluation criteria from the
Chinese Emotional Conversation Generation (CECG) Shared Task held in Short
Text Conversation Task (STC-3) in the 14th NTCIR Workshop (2018-2019) to
train the proposed system and evaluate its performance.

The CECG task is defined as: for a user input post, the system needs to
output a response (or reply) with a specified emotion category, of which there are
5 types of emotion: Anger, Disgust, Happiness, Like, and Sadness. A possible
example of the post/reply is as follows:

User’s post: My cat died yesterday.

System reply (given a specified emotion type in the squared bracket):

[1: like] Oh she likes to make believe. That’s cute.

[2: Sadness] Oh, I'm so sorry for your loss.

[3: Disgust] That’s fine. That would save you a lot of trouble.

[4: Anger] Was it killed? Let’s find out who did it!

[5: Happiness] How fortunate! She’s an angel now in heaven.

Note that in this imaginative example, the user’s post may express sadness, it is
rather difficult to make a like response, even for human.

The datasets provided by the CECG Shared Task are based on the pairs of
posts and responses of Weibo users mainly from mainland China, with a total of
about 1.7 millions of pairs (about 1.1 millions of pairs in 2019 and about 600,000
in 2017). For each post or replied text, a machine classifier was trained to label
the emotion type of the text, and its accuracy is about 62%.

The CECG Shared Task evaluates each reply based on the post and the
specified emotion, by human, according to the following criteria:

IF Coherence and Fluency
IF Emotion Consistency
LABEL?2
ELSE
LABEL 1
ELSE
LABEL 0
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Note that Coherence means that the reply is consistent with the topic of the
post, Fluency means that the reply text is smooth and grammatically correct,
and Emotion Consistency denotes that the reply’s emotion is consistent with the
specified emotion.

Method

The developed ECS system consists of a user interface, a GPT-2 model
for text generation, and a BERT model for text understanding and coherence
prediction. The ECS takes input post from users through a Web API (or Web UI).
An open source GPT-2 Chinese model was trained to output k candidate replies.
These candidates were further ranked by a Chinese BERT model trained to predict
the coherence of the reply based on the post. The highest ranked candidate was
then chosen as the output reply.

The training data from CECG were in the form: [ [post_i, post_i_emotion],
[reply_i, reply_i_emotion] ]. They were converted into the form: [“post_i
[reply_i_emotion] reply_i] so as to conform to the training data format of GPT-
2. In other word, the CECG problem asks us to predict the reply based on two
conditions:

P( reply | post, emotion)

By concatenating the two conditions into one string, we reformulated the problem
into the original language model learnable and predictable by GPT-2:

P( reply | “post [emotion]”)

The GPT-2 was trained on a Titan RTX GPU with 24GB RAM. It took
approximately 200 hours to train the 1.7 millions of post/reply pairs for 100
epochs.

The GPT-2 can be configured to output k candidate replies. To rank these
candidates, a Chinese BERT pretrained model from Google was downloaded
and fine-tuned on part of the original training data with the following format for
coherence prediction:

[ post_1,reply_1,1.0],
[ post_3,reply_7,0.0 ],
[ post_8,reply_8,1.0],
[ post_9,reply_2,0.0 ],
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In other words, the BERT model was trained to do linear regression
prediction: if the input is the original post/reply pairs from the training data, the
desired output has a score of 1.0; if the input is the scrambled post/reply pairs,
the desired output is 0.0 to indicate that the post and reply are not coherent. The
BERT model was fine-tuned on 15,000 pairs for one epoch (about 3 minutes), in
which paired and scrambled post/reply are 50% each.

Findings

Based on the evaluation criteria of the CECG Shared Task in 2019, the
evaluation of 1,000 ECS generated replies by three native speakers majored in
Chinese linguistics indicated that 90.3% reply texts are grammatical correct, and
59.1% are coherent to the posted text, and about 88% reply sentences are novel
(not in the 1.7M training texts). This result outperformed the top-ranking system
in the 2019 task, where a hybrid method of using both text generation and rule-
based mechanisms was applied. Further case studies revealed that the ECS could
generate innovative, interesting, and perfect response sentences for popular topics
in the training data.

As an example, for the post stated “I would like to be with you forever,”
example replies would look like: “I would also like to be with you forever.” if the
specified emotion is “Like”; and “Why do you have to stay with me? It’s not fair!”
if the specified emotion is “Disgust”.

More exploration of the ECS showed that, If the topic of the post is rich in
the training data, the GPT-2 can generate creative sentences; if the topic of the
post is relatively scarce in the training data, the smoothness and topic coherence of
the generated sentence will diminish. These results are similar with conclusions
from previous studies.

Conclusions

The main contributions of this study are: 1. Integrating emotion type into
the post text as a single condition for language modeling, so as to train and
apply GPT-2 in the original way; 2. Applying BERT to predict the coherence of
response text for ranking the generated replies. Although these two techniques
are derived from the training mechanisms of GPT and BERT, respectively, we
have slightly modified the techniques to fit the task of CECG and achieved good
results.

This work sheds light on the pursuit of delicate human-computer interaction
with emotion. Future work is needed to achieve the goal of better response texts
(through better language modeling or larger training dataset) and to propose
effective response strategies to yield proper emotional reply once a corresponding
emotion was detected in the post.
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