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Abstractive Model
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Abstract  Automatically generating large-scale question-answer pairs is valuable for many
applications such as knowledge base construction and machine reading comprehension. Although
its importance has been widely recognized, existing approaches to question-answer pair generation
still face serious challenges. First, in traditional question-answer pair generation models,
extractive answer acquisition methods are difficult to apply to complex natural interaction
scenarios. In contrast, generative models can automatically generate answers with more natural
expressions through semantic understanding of text. Second, for the question-answer pair
generation task, the interaction between the two subtasks of answer generation and question
generation needs to be captured and enhanced more comprehensively in order to prevent semantic
mismatches between the generated answers and questions. Finally, due to the difference in task
difficulty between answer extraction and question generation, the joint learning of the two tasks of
answer extraction and question generation can lead to an optimization imbalance between the two

subtasks during training. For this reason, this paper proposes an Interaction-Guided Joint
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Abstractive QAPs Generation Model (IGJA-QAP). Specifically, this paper designs a joint
generation model with an answer-guided multiheaded gate mechanism that simultaneously models
two subtasks in a unified manner and efficiently captures and enhances the information interactions
between them, so that semantically matching question-answer pairs can be generated. In this
paper, a comprehensive experimental analysis is conducted on three large-scale datasets,
SQuAD. NewQA and CoQA. The proposed model outperforms the best methods by 3.0%.
5.9% and 4.3% on average for the answer generation task and 1.5%. 0.5% and 2.1% on
average for the question generation task, respectively. The experimental results demonstrate that

our model achieves state-of-the-art performance.

Keywords question-answer pairs generation; unified abstractive model; multi-head answer-

guide gate; pointer network; mutual optimization
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Cui ™42 H 1y 97 21 it 28 A5 8 OneStop. AR & —
ooty 1) iy AR R, B R SR B » TR) B A i ] R
FIVFIUI AT o7 25 28 A RS U 007 B . A R i b SO
A s Z 5 B B s g v EA TR AR . 2
Je ¥ i 2 A 25 1 B A 1) 126 A L I L
il s S J 0220 2 %o IO RS I 7

Info—QAP. Lee %5 NV H T —Fl 8 i 4 %
A IHE SR HR AR i 2 REAL B [R]85 X6 B R FH
2R Sy F Bh iAo 2 45 1 SCIY [l RN A%
LA 30 s IR KA E AT 28 AR Bk i
Az LR TR0 Z (RN —B0vE . o T S AR SO 4R Y
BERIHEAT XS L AT R bR 52 55428 53 F Bh At 2%
SR B AZ AR (1 [R) 28 % A B 43+ BRI ] A= il A2
ESiH IR S

QA2QG. Dugan 55 N4 T —Fh L F 1l
SRR TS Y I K 2 5K 1) 285 % A6 U | i R R At
7 47 B A AR TR M B ARG R SR R B L AR
JE R R 2% 2 (0 05 AR B 2R A TS 1 [R] B 7k
A a8 A R R [ 28 8 B8 B = A AN [R) B AR
% ALK 7 e IO A R ARG ST
FHIBCHE 28 SR 1T SO B AR ORI ) [l R . AEAR
SCA]F G ) B 5% A AT 55 s FRAT A A FH A A
(14 1) 28 Xof A A AU A R A o AR

J T VB S A AT 55 B AR T AR SRR T
5 OneStop . T5-Info-QAP Fl QA2QG R ABIAEXT 1
5 R I — SRR AT LR

T5-QA. Alberti & A3 2 o i 7l I 25 A5 Y
BERT™, iy A b 3C, B HEF00 2 22 () 4R o7
ASCH BERT B4 it T5E Ry TN ZRABE 70, 44l
AT 5548 A AT 55

T5-MPQA. #% 8 Song™ By Il s X, % 45 1Y
TE T LA AL TS AR YIS a8 A= ol Fh 28 58 4E
S > BB AT 55 8 A B — AR 5l 3 3 Fp oy
2 IZBERIA] LUE oF 455 0% B [a) A i i {5 B ok 1
AR WU PERE
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¥R 2024 4

T VA Az 0 1) 285 55 o ) 245 % 22 1] Y
A OC M A SCR AL A% 8023 5 9 BLEU™ A
METROE"" DL J4if 22 A4 iU AT 55 ROUGE-L™ 45
B . Hrp BLEU- 1R 2 — i 2k B2 AR R PEAG A
U ) — A F-BEL T ROUGE-L Il K iy A 3
JEH LR i . % S METEOR 1158 7 ook
TN B RN A3 0] S5 0 8 T A48 AR SCHE Sy B S 3 25
B2 YA E B de b . EPTAG SR EG A
YR 2T AR SO S0 Y000 A7 B8 Ry A L 1)
SCAS, 22 Je FHAE BT 55 (R A8 AR A il G 55
43 ZWIFE

TEASCH S S, R IR A Google 1Y T5-base
YE R ISR, & B A 12 )2/ Transformer 45 1)
It ELRRAIR S LS 2 R 768. 201 S L3 1T L5
yoN 12, BOIRZSHEE Ry 768 IR BEAN Sk (1 £ oK 64. A%
SCHRE IR Y 2R BEARHL R /N B 16, BERE2E
2] 24 0..000 O1 () Adam AL 2R HEATRE B T B . BT
ABRAAE v100 GPU _LifF47 1 300 000 25 Al 2k .
44 KWHER

FoMFE 3R T A IGIA-QAP 5 HoAh 5 v
BERAE =R BRI gi 2R . NP Rhal D)
B IGIA-QAP [ B [n) R A= A28 28 AR 1 B
19T B AP ZE R T TH 43 DA TR A R 22 28 A
WIS AT 08T

®2 FEEBMEMMES EHXELEER

K R BLEU-1 ROUGE-L. METEOR
DeepNQG 22.0 41.2 16.2
T5-QG 37.3 40.5 26.7
T5-A2QG 34.1 37.9 23.5
SQuAD OneStop 35.8 35.4 25.4
Info-QAP 36.4 35.6 26.6
QA2QG 36.4 34.2 24.7
IGJA-QAP 38.4 41. 6 28.2
DeepNQG 12.9 36.8 13.4
T5-QG 30.0 43.5 16.9
T5-A2QG 30. 2 30.9 16.6
NewsQA  OneStop 28.3 30.0 15.4
Info-QAP 35.9 38.1 15.9
QA2QG 25.2 36.1 14.6
IGJA-QAP 30.3 44.1 17.4
DeepNQG 11.4 35.5 11.5
T5-QG 30.5 41.8 14.2
CoQA T5-A2QG 27.7 40. 3 13.0
QA2QG 13.9 36.6 13.4
IGJA-QAP 32.3 43.2 16.3

R3 AEEREMESEHXEXBER

EAEITE S A BLEU-1 ROUGE-L METEOR
T5-QA 23.7 54.0 21.2
T5-MPQG 18.3 55.9 21.0
OneStop 29.1 43.2 30.0
SQUAD
Info-QAP 25.9 41.6 28.8
QA2QG 30.2 40.7 25.1
IGJA-QAP 25.8 56.1 33.0
T5-QA 31.8 57.0 38.7
T5-MPQG 18.3 55.9 29.0
OneStop 29.7 48.9 40.0
NewsQA
Info-QAP 35.2 52.8 42.5
QA2QG 24.2 38.5 29.4
IGJA-QAP 27.2 59.0 45.9
T5-QA 18.5 41.0 21.3
) T5-MPQG 21.8 46.3 24.8
CoQA
QA2QG 25.6 40.4 27.5
IGJA-QAP 24.3 48.9 29.1

o) AR . a1 2 TR L IGTA-QAP 5 AL 7
ROUGE-L Al METEOR B4~ 485 I HUfS T fe i 1Y
T AT VPR A A R R £ T, A S R E
METEOR 7E 55 n 18 e B 23 [6] I in A 5 22 f 13
] 35, 1] FH 8 R3804 SF V- 18 PR 1> 48 B 7 AH B 52 e
FREE . RIUGAE T | 7307 v A S0 METEORAE
[R) R A G 1) F2 B AR AR . R 250 T 7 [l A AR
5% Ex e se g5 8 . 5 T5-QG Mt . i F
IGIA-QAP J7 15 R & 28 51 1n) B A i, A B T
A I ) L R % v A X 19 24 %6 . AR SQUAD S
NewsQA Fil CoOQA = A% ¥ 45 L 4% 1 1. 5%,
0.5%-2. 1% B4 & . X F T5-A2QG BTk 4 At
RT3 IGIA-QAP B FE SQUAD %54 4E I 433l
e T5-A2QG & 4. 7%, 7 NewsQA I &t 0. 8%,
7E CoQA it 3. 3%, X i R AT Y 8 — A= i X
BT AT LA 3 7] A R 2 58 22 ) 7 28 R it ] A A=
JI > DT 3k T 3 7K 26 307 vk 1 I B BE I 5y o
() BRLRZE | R Tk QA2QG. i F
SEAE 1 ok i BAIR 25 I B AL = AN SE 4R
METEOR 43 5K T IGIA-QAPA L 3. 5%.2. 8% Fll
2.9%. IGJA-QAP 7F SQUAD %it#is 4 |- # 5F OneStop
BEHY 2. 8%, 7E NewsQA FUdi 4 L 2. 094, %5E
685 SRARLAG RS UE B T T A R 28 8 A i A
| [a] — R A g v AT LA R R e 5 S R [ B 2 T
W5 AT 551 I8 3 Ui » 1 45 A= ok [ R B O 30T 27 8 R it
3C. Gy A A A LK Y I REAE 2 AR SRR 8 2%
F T4 55 M B 2 S5 R ) AN ST i £ A ) 8, A2 78
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YIZRET ok T 0 35 i 4 A58 . AH T B Info-
QAP FRAT A A5 B 7E /i A~ B4 45 | METEOR {H
Sl 1. 4% 1. 5%, AL 45 ) 1 5 OneStop
FRARL s PR TR B A7 7E 58 AN J2 LA S P A AN ST A 1 1]
BRI 2B AR e A Ak ) R 25 28 22 () 1Y
ZHAF B T EAT 2 E] Y DT A — Sk, B
PERE 2T OneStop.

g5 b X LS IR i 45 R B IE T IGTA-QAP 54
AT DLE AT 55 22 6] 1 78 53 28 B AN 58 4 AR i 1) 2
X HE SR 5 A 2 T ) A P S

BERER. EMELRIPWERN ., 5 HALR
FEVERE A L, IGTA-QAP A5 7 77 A1 3E 245 28 A 1l
A5 T B E AT 7 SQUAD. NewsQA i
CoQA =i 4E | IGIA-QAP F I 7E ROUGE-
LI METEOR #8645 834G 7847 R I . IGIA-
QAP £ METEOR $§ 45 I 09 V- 35 70 B i T JE o
BRI T5-QA 8.9% . Ho b 43 45 SQuAD %k 95 4 I
11. 8% 2 T; \ NewsQA %48 4 1 7. 2% (2 7+ DA
F CoQABHHAE 7. 8% WIHRTE . 5 T5-QA BLHIAH
L IGTA-QAP 7E =A%t 48 L0 75 1 3= St ik 1
TORRE SR AN ) A B A A — R L BES R
1155 Z [ 0 2 [ A fof 75 A4 B 17 225 8 R ) J g 1%
S R SCRAN T T5-QA BRI A Z M5 B 51 F1
B . IS TS5-MPQG 52 A4 L, IGTA-QAP £
SQuUAD % ¥ 45  METEOR {32 & T 12%., 7F
NewsQA F#EE T 16. 9%, 7F CoQA IXf T5-MPQG
PE T 4.3%. £H%F T5-MPQG Ry ek 3% 3iE B L IGTA-
QAP 115t — He A6y 3 o 35 3 5 828 BLA R b B8
IR R] 24 B R T A FHASTR] 04 A Bl v L sk 6 % ()
PR K 0 UE 2 . FRATTAT LA EE] L 5 OneStop
(8 22 By AR L IGTA-QAP 94 1l )y 2]
DAAR Gy b Y- 1 5 2 8 A i =2 () P R o DT A 3 TG
A U 25 A7 7E I AS P i A0 Ak Tm) B D) ot AR X T
OneStop, IGTA-QAP 1533 T 1 3% 1y 2tk . 7 SQUAD
I NewsQA ##i 4 F METEOREH/M 4T T 3.0%
1 5.9%. A I T B Info-QAP, 38 {17 4 455 10 7
SQUAD 1 NewsQA %4545 I METEOR B 5371 2 7+
T 4.2% F13.4%. T Info-QAP BRI FE 2540 | 5
OneStop FARRL, L AFFEDR AL AT [n) 8. A L T3
IR AR QG2QA , th F /b 5 [ A i 2 [A] (1) 58
B FEVERR F B ARATI A B AR 2 FE = AR 4R
| METEOR 18 43 %1% 7. 9%, 16.5% H11.6%. 1F
CoQA Fitdls 5 I iy XF L S 55 45 5 . mT LUE B IGJA-
QAP BLEITE I 2 X Bk A AR H AR

SR A Xt R B IGTA-QAP 58 K 19 A hl g
g1 R IGIA-QAP £ B 7 SQUAD I ik B T
33. 0% 1E NewsQA I 45. 9% #£ CoQA I+ 29. 1% 4
e METEOR 4340 (HE7E BLEU-1 A 3545
AP RS . WNEBIRFGE T, ol LT f# 2] IGJA-QAP
A IR SR LSRR T K S AR AR EL L iR
T BLEU 2358 A4 i 45 -5 S0 45 1 2 6] ks
R A A S KT B4 S B BLEU-1 81K

i) B XF AR . R TR R ] A B RN B A A
HARALRIRE J1 - AR SCHE SQUAD B a4 0K TGIA-
QAP 5 # 5 OneStop #5 89 #E 47 T e 8% . 78 Il 45
OneStop A5 8 if, A% SRS 7] 25125 28 04 5 2k eR 500
HSHOAER: PR

=20, +(1—N), (15)

IS @, @, 433l e 8 28 ZE I ) L) 43 % pRER

AR OneStop #5818 22180 20 S il HURN [7) &A= A
PIAMT 55 58— U 25 B T 55 2 [R] A 0 B R 1
85 1) R0 2 (A5 DI 00 1] AR X A /N BT 55
B 5 BT » FATTAT LA ER 3 OneStop A9 7] #8145 B AT:
45 1 METEOR B 18 21 57 = 8 Bl 5 746 T B
B S Bk 2 - Th . 3R G U5 AT 55 Mk FE 1Y
ANEAE W] 1T 7 28 S A U 55 19 A6 s ATz /)
T 1] A AT 55 1) A i s () JF A2 8 A U 55 7
AT 55 MENE T2 /IN T I U AT 55 1) T 6 TR A
YISt 5, B 2 il 1) T 5 T 004k 1 2 S il
55, L2 T2 T WML 55 By pefe . Al bz
T IGTA-QAP FE 8 i T4 24 R BT 55 e A
B ST 55 AT 55 MEPE 55 1 X b RS- £
M4 HRK G IGIA-QAP BEALE T ME 55 & 3 4
— AL I — A A RAS [R) A A B A 7
AR . IR GE— A SRR RE SR AR AR A ) ) R A2 6
Z ] i S — 3P W RE IS A AH B2 ] B A 1
PR L AL S B A 2 0 AT LA L TGIA-QAP FEY]
SR IR A BRI 28 A B I B ) e
AL AT LI R 2] L 7E OneStop AL H , Y B AT L
AL LI AT 55 A DAk . LB 45 2R 3
B AT G —REARAE AR S | B S EU G DL ]
LAY [ A ol N 28 A ity S A EL AR AL
45 ANIifH

T4 A A 31 PEAG 18 4% BLEU.ROUGE-L LA
K METEOR %4845 HAETEAG A= s 8 5 H S 50
Z 8] B A AR T T 3 8 2 A i m) 24 0 5 H bR
TR) 2550k 22 () 3 SCHIDLEE . H Tl il 45 b



260 it " ¥4 2024 4F
% 1GJA-QAP %0 OneStop
=
25+ /
20t §
[«
B15
L]
3
10 '|, —4— OneStop—ques—0.1
5 ’ —e— OneStop—ques-0.3
—&— [GJA-QAP-ques OneStop-ques-0.5
0 h ‘ = - = - 0 : - - - -
0 0.5 1.0 1.5 2.0 2.5 0 0.5 1.0 1.5 2.0 2.5
step ® 10 step X 10°
35
30r =g _;./.".\H’
251 ,W
o 20
2.
(55
=]
=15}
1ol —4¢— OneStop-ans—0.1
y
—8— OneStop-ans—0.3
5t
\ —&— [GJA-QAP-ans OneStop-ans-0.5
" s r r L 0 L r r " r
00 0.5 1.0 1.5 2.0 2.5 0 0.5 1.0 1.5 2.0 2.8

step X 10°

step X 10°

E5  IGJA-QAP F OneStop £ I 2 R v ) B A RN 28 28 A4 i M 6 0 28 Ak i 2 (B P < ques™ R “ans ™ 23 Sl A Q2 [ R Bl Fn 2%
FAERN . ZEREFIRTE IGIA-QAP ALl 4 , G2 7R 7E OneStop 9284k i 28)

RE A% 4 1T M PP H o Bl SCAHLURE . BRI, o T B 47
b VA (] 240 X6 1) A BT B s AR SR T N Tl 11
. E S, FATN SQuAD I AL By 35 F 4 e
BLAHEL 200 M REAS IR BT R SCo3 0 i A 3R
ALY IGIA-QAP LA & OneStop A 1, {2 5%
A B T2 SR A A [ 28 X6t 3 i 255 R A1
DN D3 AT VAN A 75 ZEAR R 7] 2 %) B4 ] R X
Az B IA) 22 0 7 — AN BRI . AN 3R 4 s AR Sl

F4 IGJA-QAP 1 OneStop # E7£ SQuAD #{#E EI A T

MR

[¥1] FL B eI OneStop  IGJA-QAP  Gold
—— Yes 22.0% 41.5% 95.0%
g No 34.0% 12.5% 3.0%

Understandable  44.0% 46.0% 2.0%

R Yes 33.0% 69.5% 95.0%
A5 C i No 67.0% 30.5% 5%
Rk Yes 27.0% 47.5%
HEZFE No 73.0% 52.5%

T Gold J&4& H AR 2 %

b XA Y ) S AT R S i LA 23 B IGTA-
QAP AT & . 5 Z 80 Liv VBN TR TAEZR
oL, A S 5d 2 HE ST LAR ()45« OS] Y 7 B2 PFA
A

(D[R] RTFE TR E L5 IR oe# 7 % In e
R T AR R S A A R B A5 R AN TE A A )
XY o RS AR B FEAC A AR T . PN BLRT LA
= BETH % $E : Yes. No 5§ Understandable. 4%
$£ Yes I, SR B A= il 27 58 R0 IR AUAR 58 8 S0 Tk
B A IR R . T Y ) R B A S — A
R B S A TR L T ABERE No. 24 ] &% Horp
— MR EASE AR IERIT HATSR AT AT 5
S PEIN 51 AT DA #E 4 Understandable.

(D [REXFEE X FRRILE S BT S0
AHIC? AR A TR) 20 an SRAE 18 S b k= A SR B
5 BRI, RIS G = PR RE T, ANESC M)
A I8 B A P AT 55 22 [a) I B A 551 . A8 UL »
PRI A, TG A A A DGR (4 T 22550 . 2 2 B
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IR0 AN 5 28 2Z [ AR DG PEAR 5tk - HLRE A% 5 %5 1l
W) b S5 B W% e Yes. ANSR L IAN S5 44
AT [ B A, PN 5% 1 12 26 4 No.

(3) R4 2 7 R s it A 3 SOV 5 1 F 3¢
FHCHE HFR RS HARRIZE XS AR 7 A SCHE ] (2)
ARSI BR A A5 A NI B RITE R IR E I 2
FEVEAE B R AR S R AT 1 EBietk . o34k,
XA [0 5, ] DL A IGTA-QAP #5882 75 HoA 58
KA AN B A RE 7 o B 5 20 MR 1R SO AR
AN F AR AR 0 [ 28 %68 . 24 A B4 ) 24 X6 4 L DG
Bt 5 SCE A AP AE TR L B SRR 2 AN R
TEI A5 R P, Yes. 750, W 1% %4% No.

WGP PEI N B RS A5 2 A5 8] TR
AWBHREE R . NRPIRATTLAE B, i T4 b 3
1 A K SQUAD R4 T B BLE YR o KA
TR NE ] XA ) 3 O O S B
S bR SO R — 201 E S B ARV X IR AR
5 R SCEBARCN . L, 3R 4 PARHER X HAS
SEAVCELELH 5 1R SCMHCHR . IuAh, AT LLE
| OneStop Az i 14 ] 25 % H A 64. 06 2% 58 & 1) 5%
Al FRAR ) IGTA-QAP BE RIS 3 T 87,5 Y A 43
L. R4y LA g SRR W FRATTA IR A A AT 2
SCRNSE R ) ) 7 T S ELOR A . g In) S [R]85 %) 2
75 VCTC A, 2R v AR 22 [) I Jie B0 i ) 25 B 46 1
T ARSI G — 1R RE BB DR A= 1L I 7] R S8 X0 =2 1]
B TR SUFE B . B 78 12 2 iy [R) 2
XJ 25 22 RSO T H AR )& X AT A AL
SQUAD ¥ 45 Lk ) 1 47, 5% Az W ) 2 3 K
ME — 21 #0 R [ T A5 o (7] 28 %F 5 1 OneStop 2 A
27.0%. HiXtF OneStop, IGIA-QAP 7 [A] 5 (3) -
FET 20. 5% BT R IGTA-QAP Gt — I HE 42 A1
X} F OneStop HE 42 78 I 5 i 5 {3 51 8 44 19 18 1 2
S WS ABTRY () AR RE T L ke A A R R B A A L 25
X AR B A3 Zead N T AT i s ST LU SR
W IGJA-QAP AN AT DL AR B ey BT o Y AH DT L 1Y
5 R SCRE ARG HEA Z MR AR R 2%

4.6 HEAILIS

R T PSRRI T A B DR SR AR SCHE R Y
AN TR AP %o e A B AR B P A X T ik FR AR AR SC
P& A IGIA-QAP BERL 55 DUF = /N8 (R R 447
X LS

(1) Ours-gate

AR AR R SRR T R R A R G R 2
SETTHUH . RIAE AR BRI RS . 285 i A 2 )i 1 fige e

[o) it L0 B A s 2R R . TR X R LT
WABEREG S 2T THE RGBS ) B
s FRATTAT ARSI A = AN B i 4 125 22 A6 R )
A ) S 2 45 R E METEOR 45 #5 B FEAR T
8.4 M7.6%. WABREIIFIZKTT, HE
R RS R L R AR B 51 . 53 oh 2RI 2R
N7 A LT B e S I SN N1 IR A s
Ours-gate ZCHRAE 2% . %4 L SC B B4 0] LA 784301
W25 T 2235 1 TAT DLt 24 58 A LR ) A 1ol
ZIE AL H. .

(2) Ours-two-decoder

T AR S [R]85 A W At ik
FEOTTE S R PR At 25 53 A AR o DA
A AR R A (5] 114 G AL gk R 1 FRL i )
A R SR S A AR AR R ZE 5 T 2 Sk 1T HIL
3  AE AE RN Tl (BRI R R, S IR AT A A
AT 28 T 1 i A 25 3 ok M =2 G A 0 1) e A ) R
SR B B AR AT 55 R A AR AT 55 22 (6] A 52 B
SURBAEGmAg BB . PRt AN 3R 5 AR 2 S8 26 L Pk
RETRE T 4.8%, MEA A PERETRE T 1. 1%0. 1M
Filh S 30 245 SR Ay 2 B AR SCHR Y ) 58— HE 2 R4 A1
TP Z [ A5 B A 48 LA AS BCHE Jn DC e ) ) 24 X6
ST IRA RS .

£5 HRRBER
BLEU-1 ROUGE-L METEOR

Bl 151 [[FC S F S S S
AR AR AR AR A AR
Ours-gate 15.1 22.9 23.1 41.0 13.8 25.0
Ours-two-decoder 37.8 22.9 41.1 41.2 27.1 25.4

SQuAD .
Ours-pointer 37.9 23.9 41.4 42.5 27.7 16.7
IGJA-QAP 38.4 25.8 41.6 56.1 28.2 33.0
Ours-gate 17.5 25.3 39.5 42.6 15.2 40.5
Ours-two-decoder 30.0 26.3 43.7 44.6 16.9 43.7

NewsQA .
Ours-pointer 27.5 26.5 43.8 43.9 17.3 45.4
IGJA-QAP 30.3 27.2 44.1 59.0 17.4 45.9
Ours-gate 9.6 17.7 38.6 47.6 10.1 17.1
Ours-two-decoder 31.0 21.6 41.8 48.7 14.6 24.5

CoQA .
Ours-pointer 11.8 21.9 38.6 47.9 12.9 23.2
IGJA-QAP 32.3 24.3 43.2 48.9 16.3 29.1

(3) Ours-pointer

AR RSB ZE A B R v A Ami s B 2%, AT
PR AR . FRATTAT LOWLER 2 B bR A8 T I 2% 25
PEAE A EEEAE B SR AR PERE B TR TR
SQUAD $t#E 4k - METEOR fH 4% FF& 1 16. 3%.



262 i " L

2L
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XA T R SE TR T 5T M 4 B TR A SCRY rh
2 BT AT AR BUFE 2 R AR U 55 AR AR
TR
47 HHITHAR

Ry TG b 3 ] TR AL B P B L AR ST
e 6 R T AR U R IGIA-QAP Fil OneStop'*
AREIY I LE BRG] . NIRRT LR Y AR AR
RUA] LA BB A B S 32 L B VR C A9 [ 225 %0 . B
H—AZE AT LA H . OneStop A= B AY ] 25 5 JR
SCHE AN AR I BY BV SCH 45 “the largest financial
endowment in Harvard ? "8 G (5 B . BRILZ 4.
OneStop A= il 1Y 22 Z8 AN VS FE [l @t . A7 Lo & 3%

B IGIA-QAP £ T — A IEECH 5 R
A IR 2B FE5E AN Z B, JATTmT LA EE 3]
IGJA-QAP Fil OneStop #B AT LAz 5 — A~ 7] 32 19 1]
. H 2 OneStop 155 841 R H Ok 19 228 S 7 [l 22 1)
B A AN F AR BASES IR AT AL IGTA-QAP
R A 1B 25 2 RE NS 11 SR A b [ 250 A o Ay [ A
M ERZE G IGIA-QAP AR AT L= A PUfE 5 |
SR VIR O H 2 RE I 26 A 22 ZE LR
SR VT M 0] 25 A A TR . ROk FRATTRE O — 2 PR
R AR T b A ) 285 6 A9 2B T 25 B Tk
X 2 2 ) T] LA B IGTA-QAP B A HL A R 53 1) 2
fiff R AE BRE )

%6 IGJA-QAP F1 OneStop 44 B =451

'S Harvard’s $37. 6 billion financial endowment is the largest of any academic institution

NN [7] A5« What is the size of the school’s endowment?
FRUEN & XF ) o

BE. $37. 6 billion.

[ 2 < What is the largest financial endowment in Harvard?
OneStop ) o

BE. Billion.

[ 2 < How much money is Harvard’s financial endowment?
IGJA-QAP ) o )

oy $37. 6 billion financial endowment.
R Tumor cells often have a reduced number of MHC class I molecules on their surface, thus avoiding detectionsby killer T cells
N (i) 5« What receptors do Tumor cells often have reduced concentrations of?
el xt , ‘

B MHC class I molecules.

(i) 51« What is the number of MHC class I molecules on Tumor cells?
OneStop

o A reduced number.

(i) 51« What does Tumor cells have on their surface?
IGJA-QAP )

Uy N A reduced number of MHC class I molecules on their surface.

= 5 % X #

AR T —F T2 5 SRR AT B R
AT IGIA-QAP, I F A R e A s s
JE A )BT . B 2R A R SR (el 5 [ A %
FARAEVIN RIS RS AR FEAH R Y 1 F S0 UE R A
T3E AL B A IR S BT 55 Z R A1 B 5C L . Ak,
A i A T R RN 222 22 AR IO 2 nT A B AR AE I
YIRS WA 55 22 ] (R 0 B 25 5, DT el NP A
[P At X 1) B AT 55 T I A 285 | i 223k
I TATLHI AT A 2257 28 A B A ] R A o 9 AT 55 =2 1] S R
ST 5515 B AC Uit » I IG5 P AT 45 22 8] A AR B AL
FE =AM AR [ A R S0 R W] AR SCHR R AR L
RUGEF A (] FL AR . TRl S0 45 A R T I%AR
RS H A A SO . N T AP S2 8t iE 52 T
IGIA-QAP BRI LA B i H 2R TR 2R
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Background

Question-answer pairs (QAP) are essential for many
applications, such as assisting the construction of knowledge
bases, improving search engines by generating questions from
documents, and training chatbots to make fluent conversations.
However, obtaining question-answer pairs by human-annotation
according to given documents is tedious and costly. Therefore,
there is a significant need for efficient methods to automatically
generate high-quality question-answer pairs from given
documents.

Most existing works about generating question-answer pairs
are mainly based on pipeline structure. Due to the independent
learning process of question answering (QA) and question
generation (QG) , it 1s not only hard to make the best use of the
semantic information, but also inclined to accumulate errors.
Recently, some researchers propose an end-to-end framework
that simultaneously accomplishes the subtasks of QA and QG.
Despite the progress, there still exist important challenges in the
QAP generation problem. Firstly, the extractive way of acquiring
answers is insufficient for generating natural question-answer
pairs, whether in the pipeline or end-to-end approaches. The
extractive answer means truncating a span of consecutive words
from the passage, which cannot comprehensively express
complicated semantics in a human-like way. Secondly, the
interaction between AE and QG. which are semantically related
subtasks, is inadequate to mutually improve each other in the

training process. The pipeline approaches directly ignore the
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relation between AE and QG. Thirdly, the difference in task
difficulty can result in the imbalanced optimization of AE and QG.

To address these challenges, we propose a unified
abstractive model (IGJA-QAP) with the multi-head answer-
guided gate and the pointer network. Unlike the tranditional end-
to-end method, we select an abstractive way of acquiring answers
to offer better expressivity for complicated semantics. In
addition, introducing the pointer network can allow the answer
generation to copy words from the document, thus retaining the
merit of AE. Furthermore, the same way of question-answer
generation can improve the inequalities in task difficulty and
reduce the imbalances between AE and QG. To ensure the
common semantics to produce question-answer pairs, we propose
to integrate the question-answer generation’s decoding processes
into the joint architecture. In this way, they can collaborate and
benefit from each other to generate compatible and high-quality
question-answer pairs. Therefore, the unified model can bring
mutual optimization for question-answer generation, avoiding a
scenario where generated answers and questions are weakly
related. This setting, in turn, contributes to the improvement of
imbalanced optimization. Besides, some researches propose that
when a human obtains question-answer pairs based on a passage,
an answer is considered a clue to guide the question generation.
Accordingly, we utilize a multi-head answer-guided gate to
transfer the cross-task information from the answer generation to

the question generation.



