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Emotion Elicited Question Generation Model in Dialogue Scenarios

XU Bei'* and XU Peng'
1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 Jiangsu Key Laboratory of Big Data Security & Intelligent Processing,Nanjing 210023, China

Abstract Human-machine dialog systems have been widely used in intelligent services. Existing human-machine dialog systems
can perceive the interlocutor’s emotional state and give a response with an appropriate emotion based on context. However, it is
difficult to ensure that a response with a specific emotion can elicit the same emotion from people. For example.a response with a
“joy” emotion does not guarantee that people will experience a “joy” emotion. In some scenarios, human-machine dialogue systems
need to guide users to reach a specific emotional state to facilitate the continuous development of a conversation or improve inter-
action efficiency,such as dialogue psychological escort or online intelligent teaching. Current human-computer dialogue systems
focus on coarse-grained emotion eliciting, such as “positive/negative”, and therefore are difficult to handle fine-grained emotion
eliciting. On the other side,research on dialogue psychology indicates that “questions” in a conversation can significantly affect
the emotions of interlocutors. Based on the above background, a question-generation model for emotional elicitation in dialogue
scenarios is proposed. This model is based on the GPT pre-trained model and incorporates the knowledge of the emotion to be
elicited into the response generation. The model also introduces a contextual emotional perception mechanism and a common sense
knowledge fusion mechanism and uses multi-task learning to enhance the emotion perception ability and conversation response
generation ability. Given that it is the first time to propose a question generation task for fine-grained emotion eliciting,an emo-
tional eliciting dataset has been constructed for training and experiments. An automatic evaluation method based on prompt lear-
ning has been designed. Finally, automatic evaluation and human evaluation demonstrate that the proposed model can generate
questions that can effectively elicit target emotions.

Keywords Emotion eliciting, Question generation, Emotional dialogue,Prompt learning, Multi-task learning
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[C: Eddie, is it all right if I get personal? ]
speakerA: It make me so {Mask}.

Q: Whaddya been so far?
Answer: {sad, joy,
anger, fear}

[ Prompting: X = speakerA: Eddie, is it all right if I get personal? . ]

[Template: speakerA:[C]. speakerB:[B].

speakerB: Whaddya been so far? . sepakerA: It make me so {Mask}.

U

[ Predicting: X = speakerA: Eddie, is it all right if T get personal? . ]

speakerB: Whaddya been so far? . sepakerA: It make me so sad

4

{ Mapping: sad
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Fig.3 Automated evaluation based on Prompt
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Table 2 Precision of 4 models in each emotion category
Emotion  GPT-INSERT GPT-INSERT-EP GPT-EMB QGM-EE
sad 0.514 0.567 0.621 0.594
joy 0.526 0.514 0.477 0.574
angry 0.333 0.328 0. 368 0.357
fear 0.441 0.476 0.533 0. 496
avg 0.454 0.471 0.499 0.505

#* 3 AR L 4 AR E R

Table 3 Recall of 4 models in each emotion category
Emotion U\(IJSPE’II;T INS(EI;’I';EP GPT-EMB QGM-EE Avg
sad 0. 247 0.253 0. 240 0.273 0.253
joy 0.533 0.507 0.613 0.567 0.555
angry 0.553 0.567 0.593 0.613 0.582
fear 0.373 0. 400 0. 380 0.413 0.392
avg 0.427 0.432 0.457 0. 466 0.446

* 4 HHIPAEEER

Table 4 Results of automatic evaluation

A Rouge R
GPT-INSERT 0.1526 0.4267
GPT-INSERT-EP 0.1280 0.4316
GPT-EMB 0.1456 0.4566
QGM-EE 0.1357 0.4667

HRAE Rouge &5 4, A b SCRFIBURAN S R I ) ik il
PR L 4 DF T IR PR PR RE MG 22 . PRI, R AR TR 3

3 AR T B e RIS T BB B A A LRR T . it Ah AR AR A
[ 3%, %} T sad.angry Fl fear iX 3 28 WA T SO R
A QGM-EE iy RE AL T A 18 1 SO #2845 B
5 PR35 AR AR L A AR 1] B Rl B AT R ROR .

A g5t T IS MR A0 AT ) 7 L. HerP gl R R A
B XS T A B Y B b I R A Al O AR A [R] A S PR
50T IR BT R R BRI DL 9 L AT AR S 1, M
X ALT R B AR R joy FI angry B, KR 445
RERE T 51 &, Ho 2 i LR T sad I fear, [, 25 /& 2
sad,angry FlI fear #BJ2& % £ I 9 1% 1% . QGM-EE R /076 %
| T T R O T RO I A DR 5 | 5 T R GE T
THED .

06
- o2
’ 05
& 0.03 04
— 03
z
£ 008
- 02
g o007 -0
sad joy angry  fear

4 QGM-EE W55 FHE R4 A
Fig. 4 Emotion elicited probability distribution of QGM-EE

2 5 B T M Contear 15 IR BN HFRH R A 51 2 LT 2K,
Horr 55 — 30 R Context 1618, 5 — 47 W BT T 10 B AR 1E
B, T LLOLELF] L “ M sad E] sad” AT sad B fear” 9 5] F %
YR, E 4k EE Contexr 015 1B BIE = JCH ' Re-
sponse WIHIRYE Context BY1E A [F B, sad, joy A1 angry Y
PRI REE T fear AYBLEN AR, X R UMW o 32 1 — A7)
BURFEE A 5 2R SR X 5 DR BB AR X e . — A
A RE AR IR, fear J0 5 R IE 25 I, 22 28 U0 & A= B ) g 2% i
PR, R B, fear (7™ A2 55 PR E 2% YD AE OC . 38 5 [A] {808 219
A WO E L) 447 77 Az fear BURIEFNGUM . 2 5 RIRT RV, 5
M fear F 5|5 angry 5% sad A L, M\ fear F 5| F joy # X} %
By XATRESR [ T 03 AMERL N Y,

F 5 N Context 15T %A H bR 15 A LTI 2

Table 5 Success rates eliciting from Context emotion to
target emotion
ERR ] sad joy angry fear
sad 0.633 0.375 0.688 0.000
joy 0.119 0.777 0.476 0.396
angry 0.157 0. 206 0.852 0. 260
fear 0.333 0.643 0.118 0.116

BORTF 2 5 2% 0 B AL A &R W Z 5, H
SRR R IR A O T 5] M R B R R T FR ARG 50% .
B8 3] QGM-EE 1R /75 7 B 5] 5 1E 17 7 /2% s 67 1o 17 S8 I
15 H AR BT I L A Y Y A RE AL T AR R Y I 1 / B
i IR A R AL
5.4 ANTIiffh

ASCHEAT T N TAPAG LLE— 25 B iE QGM-EE 94 201
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FATRENL e B3 b 5| 5 5 A Y A i1 400 Z5 0 1, IF £ 1T
FaVor. MR T 5 A TER K EHAT IR ZR AR A B
JEAZ M R O 7 A T RS EIORE BB R A SR AT RE L T AR
WA 1, BEWFRE R 0, S G- IE BT P4l 1 & B T30, 5 0T
flif5 , PP Ah N Bt 75 ZEAR L 3~5min,

B g R Lo bRIg 1 B0 R 89 E 43 L A B 2
SRATAR N D34S 25 Wi N 7R 3 A 1R SCRY s 2 M L A dE A )
FRICH 1, & MFRIEH 0.

F 6 RUITBAE 600 AL W FHFI FRIDE, 5
— 7 T sad 1 IR A I PR E R R I 51 SRR . F L,
sad 1% BAR LL H A 3 RAF BAECHEBE N B 51 3, fear 15BN IS
YRR E N5 TR B w  H I fear 15 BAX A5 51 % .

F 6 ANTIPAELE S

Table 6 Results of human evaluation
sad joy angry fear avg
oS 0.525 0.625 0. 600 0.625 0.593
& 4 0.850 0.875 0.675 0.675 0.775

5.5 FEiRMiAmE

TE ik QGM-EE & i i 5] 8 b, FR AT & 308 43 A B i )
MKEME. SANESEMERAEESE. 64, QGM-EE
2 R T “ what?” 35 % “what’ s happened?” X £ 1 & {5
BRI R R, B R U Contear 1Y 15 1 3E
18 R WT , LA il B A 0T A R AR R ), AR
SO ATOMIC™ R 2 & UM A RUR A & — A 3 T
H# FE T MR E S . X T —DF, ATOMIC 6
BEHEWT S AL E R R T EM S BN, ATOMIC
WELIEFR R RERE AR, B, —A A i
ARG B M FHLENECH T ZIIR T, 8 it
IR 3 R AT LA W HE b bt 2l 7 2 0 B L 3 N g 3 i
CRUBEIE ARET Y 3 FR L T DA T HE b ARLSE — A B 104 T TR 1
FHL,

FATR AL BART 78 ATOMIC-2020 %048 4 L 0
251 COMET-BART #{ %, Hi&kHh, i TR /R“HMEE
AFE” TR (XWant) 4R/ 04X H = A T A AR 7 G &R
(xEffect) X} E 0T 68 19 ) N ” K R (xReact) » LA K “W] BE 7
A2 VI RE KR R A 56 R (xNeed) . #f Context 1EH
FAF I H 5 R PHE, W “my car was broken. (xWant)”,
6 36 2 60 AR I 2R 9 COMET-BART AT DA 2 B Af B
KA T EH IR IE 5 iR,

QGM-EE

@

.\_—\

xWant sentence

xEffect sentence

Context

+<xWant>
+ <xEffect> .

—>» Atomic —»
+ <xReact> xReact sentence

+ <xNeed> xNeed sentence

Bl 5 RGN E QGM-EE Z5# &

Fig. 5 Architecture of QGM-EE combining common sense knowledge

N 7 R TR TR AT R B AR R A A 2 4R

LA A5 B 5
T PR 61T

Table 7 Examples after adding common sense inference

. When my pet died,1 felt like I lost my family member,
Context X
my best friend

Ground truth
Question— CK
Question+ CK

I’m sorry to hear that. What happens?
Oh no.what’s happened?

I"m sorry to hear that. How did your family die?

8 MG EUE R A T # IR ARE (QGM-EE+
Commonsense Knowledge, & #% F QGM-EE+ CK) . # 5 A= i,
R E N AW B 8B LA — =T H ARG &
SUER A TR BRE FRATTE S LACK TR UG XY 1y
ANFEE G SR T HEAT T 4 eI A Rk 9 . Ho,
W4T AT W Context 1685 —F WM EK T 251
B, BARIGKIEE T QGM-EE+ CK M i R IE & QGM-
EE (Rl 2.,

F 8 A B ) B 1 A DA R SRR | o Al R
Table 8 Average length of the generated questions and the accuracy

of emotion eliciting

INSERT- GM-
INSERT . EMB  QGM-EE 9 .
EP EE+CK
qFFHKE 6.030 6.003 6.223 6.125 7.450
X ES 0.4267 0.4316  0.4566  0.4667 0.4580

9 RULBIAFIRMIRJE . sad 51 % sad FIM joy 3l
T joy B IR e A —E b I, EEIRFE A H Contexr 1 12
A BRI B (H B R SR 2 BN Conteat
T BARE— 2, 0 T 51 3R Conteat 15 I B A A B, T g
DA M SR, S BUE T S SR TR KL 7R T
5 Context TEIEA— A 5] F AL 55 I 14w LR AT BE &
R 23 IS | S BRI

9 WA E ARG JS 51 R % L
Table 9  Comparison of elicited success rates before and after

adding inference knowledge

sad joy anger fear
sad 0.034 —0. 250 —0.313 0.111
joy —0.024 0.074 —0.032 —0.021
anger —0.020 —0.144 —0.056 0. 000
fear —0.185 —0.429 —0.059 0.000

GEWIE RS T AN BRI AR O A AR A R S|
AR FH o) 00 A, LA 52 B0 36 00 PR B AR MRL 4 S K
RIS 8E . T SRR I (R SO IR 1 24T 45 2 20 0K
W Sl 412 w2 1 Rk BT K RS0 T AR T R R 1 S R AT A B
PG AR A AR S S 5 T AT & T — 4 =0
4 (Context,Question s Res ponse) T 2 1 1% B 5 | 5 % 16 B4 4E .
R LR R, QGM-EE B T 75 fift i 2o F8 rh b 475 8 n) ) &2 ik
A5 i A A LB AT 55 A SC ) 24T 55 % ) R i R
RN . ) BB A% A UL R RS S e O Y TR A

() B o FRATT 22 BRAN [ 1) 18 SRR A 4 5 | 3 Bt LA R ) 9 RS A
B, N fear 151 F joy M fear 151 F angry of sad # %
Gy LR AEAE A o0 B AN 007 5 38 3 o) R 4 %o i O R R
Tear 15 8, 6 WA X35 F 11 Lear 17 86 HL 45 L0 31 48 A9 5 44 .
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