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Question-Answer Pairs Generation Based on Interaction-Guided

Joint Abstractive Model

Liu Jie Lin Shaoxin Wang Shanpeng

( Department of Artificial Intelligence, Nankai University, Tianjin, 300350)
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 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
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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.
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network; mutual optimization.
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X AR AR YA SRt AR A

TV B RS AR R, AT
55 OneStop. T5-Info-QAP Al QA2QG FAUAEXT EL,
W5 R TH A SRR AT A
T5-QA : Alberti & A\ B4 3@ i il 1 19 il 25 A 7Y
BERTSS, $ A\ N30, BEETNEEIRGENE .
ASCK BERT B3 TSPUE A BN SRR, il HY
AT SR Je A AT 55
T5-MPQA: %8 Song! I ZRpiat, ZAHALLE Tl
WIGRAERY TS EAR IR il A R S A i, BRI
BHAMEL AR — ARG, il X7 =,
AR O] DL 45 Ak B ) AR R AE B R
B R TR

N T VA A R 1) 25 6o 5 bR ) B X 2 TR
FHOCME, AR SR H WL #8 BF % H 19 BLEUBO A
METROEPF7 L J 4§ %2 42 pli 4 55+ ROUGE-LB8I$E
Fro Hr BLEU-1 $-F-3)— JoiEvHs BEAE A vFAliAH
U ) —Fh B, 1 ROUGE-L Ml S i K A 37
AR RS M - % [E ] METEOR & Joifivk
K BE AN [B 2R ()R AT M, AR SCHE i sia g R
B 245 & IR EE e br . FE VPG Sl EL AR A
IR Z T, A S S K 00 A B 3 40 R A 82 1) 5C
A, G A AT S5 R bR AN d AT 55
43 XKWIFE

FEASC LI, RAKHE google H T5-base
ERTNGERL, & HA 12 21 Transformer 45414
I HEBERESYEE N 768 7 H. BE5S2L]
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FISkEL N 12, BRUIRZSYEE AN 768, RIILEA LI
N 64 ARG, FEAME K NEKE N
16, HEHFEFIHE) 0.00001 1) Adam Uik asdkiT
BREE T B, AT AR AN v100 GPU L HEAT T
300000 &%
44 LIWEER

* 2 MFR 3BT IGIA-QAP 5 H A &
TR TR = AN B SE RSt as 3. WHTARrp T
PLEH, IGIA-QAP [FINS7E [n) A a2 = A4 il b
A5 T &UFrgE . T 2 5 M e @R A& 24
AL BT .

%= 2 EOERES FRRT LSRR

P EBAE T 150521 %M. WTF
T5-A2QG /K Z AR T2, IGIA-QAP FREAUAE
SQuAD %¥E£E 4yl k. T5-A2QG & 4.7 %, fE
NewQA Eith 0.8%, £ CoQA Lt 3.3 %,
XUt B AT gt — A= Rl OB AL AT DL o ) R 25
G2 NA) ) AT LR LA 0] RAE i, AT 3 B 1 IR 7K 2K
AOTVEH TP B Rt R RARREZE . AR T
WKL T QA2QG, W T45# i ki) BRALR
#, B =8 E % E METEOR 73 5K T
IGJA-QAP 174 3.5%, 2.8%A1 2.9%. IGIA-QAP 7£
SQuAD %4 £E Lt OneStop #i%Y 2.8%, fE

* 3 AERERMES LML ISR

beiE S e 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 35.8 354 25.4
Info-QAP 36.4 35.6 26.6
QA2QG 36.4 342 24.7
IGJA-QAP 38.4 41.6 28.2
DeepNQG 12.9 36.8 13.4
T5-QG 30.0 435 16.9
T5-A2QG 30.2 30.9 16.6
NewsQA OneStop 28.3 30.0 15.4
Info-QAP 359 38.1 15.9
QA2QG 25.2 36.1 14.6
IGJA-QAP 30.3 44.1 174
Deepings 11.4 355 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

€/ S ) BLEU-1 ROUGE-L METEOR
T5-QA 23.7 54.0 21.2
T5-MPQG 18.3 55.9 21.0
OneStop 29.1 432 30.0
SQuAD
Info-QAP 25.9 41.6 28.8
QA2QG 30.2 40.7 25.1
IGIA-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 05
QA2QG 242 38.5 29.4
IGIA-QAP 272 59.0 45.9
T5-QA 18.5 41.0 21.3
T5-MPQG 21.8 463 248
CoQA
QA2QG 25.6 40.4 275
IGIA-QAP 24.3 48.9 29.1

WA R: Wk 2 PR, IGIA-QAP BAITE =
AN s L HREUS BT AR . 9 T A R )
LG TRE, A ES METEOR fEiHH 1EEN &
[E IS I K 26 A0 4[R]3, R R AP 2 Sk~ i
PN TR BR AH R R o TR AE R TR R 40 AT e
A3 METEOR AFE Ay o] @A i i) 3 2B B A
x 250 THLE B4 AT S RIS sERG s . 5
T5-QG #Ht, BT IGJIA-QAP 7RI H T & %5 &
TR AR, A B AR B 0 A 6 v A b X
ZZ, KIAE SQuUAD. NewsQA 1 CoQA =4

NewsQA $i¥i4E EiEit 2.0 %. 15256045 BRLAL
HiAIE B T i AR R RN 2 2 A RO B[R] — i
A AT DL Ao 4 i 2 S AN n) 2 ) RS AT S5 1
BT, AT A B R R M A S S 4 5E
A AR R [ 2 SR U SRR 8 SR A th T 1F 55
M P 272 Sy R AN AR AL I R, LEAS RS I SR
KT BFEPFRTHCR . T Info-QAP, A
PR A 7Y LE R/ 5 > $ 4E _F METEOR 18 43 73l &
1.4/1.5%. ZHEAIEEH) 5 OneStop AHEL, [l UL [FH]
FEAEAEAE BAS B VAR AS i 1 v . SR,
T A3 I AR Ak ) RN R A LA R R
TEANTZ R UCEC R — 2, A I RE B T
OneStop.

Zi b, RFECSEI 45 RIGIE T IGJA-QAP 4!
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AJ LIS I AT 5% 2 18] 1 78 43 28 HURA 56 4 AR R 1)
BRI REZRAG A5 B w5y 1 Il A ol P o

BRAER: EWER 3 PRI, 5HALR R
BERUFA L, IGIA-QAP BERY7E i it 3 5828 hl U7 Th 15
BT EENIT. £ SQUAD. NewsQA F1 CoQA
=AY L IGIA-QAP #i A /£ ROUGE-L #lI
METEOR f&#5 F#RSRAS T GF IR I . IGIA-QAP
£ METEOR #8 b b [1 7 ¥ 73 B8 1 1 s v A5 7Y
T5-QA 8.9%, HHF5 SQuAD %idi4E b 11.8%M)
FETH NewsQA ¥4 E 7.2%K3 T+ LK CoQA %1

X T5-MPQG IHGEIER], 1GJA-QAP N4 —4¢
o3 It 3 5 A5 B AC B A AR = T N ) B I R
77, F AN [F) B A B o] LA G o) 5 4 5 R (1) 47 T
. FATTLIEES], 5 OneStop M2 S HL
Jr AL, IGIA-QAP AR a7 % T LIR i b1
i 58 R A B B I HME RS, AT S B VI 5 A7
TE [ A F fi fE 46 1) @ . [A] 6 A3 X T OneStop

IGJA-QAP 15 2| 1 & & M et , 78 SQuAD #l
NewsQA %fli % = METEOR 1873 H#2 T+ T 3.0%F0
5.9%. AL T Info-QAP, AT ALLE SQUAD

o IGJA-QAP w0 OneStop
25 4 25 -
20 20
[- 4 =4
8 15 8 15
7 5
= =
10 10 —+— OneStop-ques-0.1 |
el » —=e— OneStop-ques-0.3
—+— |GJA-QAP-ques —— OneStop-ques-0.5
h ] - J
DD.D D:S 1.0 1?5 20 2?5 00.0 0.5 1?0 ].TS ZTB 2:5
step lek step le6
35 35
30- 30 4
25 25
g 204 QOC 20
w w
& &
= 15 = 15
. y —4— OneStop-ans-0.1 |
—=e— (OneStop-ans-0.3
5. 5
b —+— |GJA-QAP-ans ‘ —¥— OneStop-ans-0.5
0 - 0 -

1.5 2.5

step

0.0 0.5 1.0 2.0

leg

1.5 2.0

step

0.5 1.0 2.5
leb

5 1GJA-QAP F1 OneStop 7EIlZR T F2H a] @I B AN B RE B BIIEFR T LihLk . ElH'ques'F’ans’ 53 Rl 3E 8]
FEIMBERER. EERTE IGJA-QAP LTS {Lihsk, A% R OneStop LAV {LihZ

PEAE F 7.8%MHR T . 5 T5-QA B AL L, IGTA-QAP
1E = AN 45 E AR F5 0 R BLAAIE B 1K 2 A
RN A R4 B E — R, REE AR T 5 2 R ) 3t
IR AL, (EA3AE B8 A0 I R e S s 1 F S,

IRANT T5-QA BT Z A5 B 5 FME s . TS
T5-MPQG HERAHEL, IGIA-QAP £ SQuAD %4
I METEOR #2757 12%, £ NewsQA FifE T
16.9%, 7£ CoQA LXF T5-MPQG %5 1 4.3%.

Fl NewsQA #¥#E 4 = METEOR fH 73 42T+ T 4.2%
F13.4%. BT Info-QAP BLAL/EZ5H |5 OneStop
ARARL, RIS AEE AN P4 I R . FH BT RLK
LRI QG2QA, T kb 5 18] JiAE 2 18 (22
B, RUEvERE BB B AR, fE=A
¥ #54E - METEOR {H 73 71K 7.9%, 16.5%F1 1.6%
76 CoQA % ¥ 45 b iyt b sz o &5 3, w] DLAE B
IGJA-QAP B TE 18 @ T F2 MU xRl A il U R AT
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HA R G, XHEIH IGIA-QAP 5 K1)
A REE )T . R IGIA-QAP fRAUTE SQUAD _Eik %
T 33.0%-. 7E NewsQA I 459%. £ CoQA I
29.1%[P) 5% '51 METEOR 43#(, {H'E{ff BLEU-1 L
T R IRAT RS INEBIBE T, 7oL T
2 IGJA-QAP AN E R IR K. 5H
fhiFgbrAH L, BT BLEU 2R AERKSE RS K]
g R R R, ERNEEE KRS SH
BLEU-1 #{&.

B XFAERL: T RN i) AR RN 5 A A
HARAL B RE 7, A SCAE SQuAD % ¥ & E I
IGJA-QAP 7 5 OneStop R HEAT T Heke. 7EII
%5 OneStop BLAYIT, AR SCNG [7] RN : 52 1R1407 2% bR L
M SHMEES, W F k.

O =\P +(1—ND #(15)
AR O FID 5371 7= Z M i) @3 1R 407 2K o

IR OneStop 1Y 520K 2 22 4t ORI i) i A= g
WMES G — LR, (R PIAMESS Z [R]HE BEA )
17 ) R AR AT I A0 ) T M AR O BN AE S o T
Kl 5 B, FRATAT LAWEZ 2 OneStop [ il @ A2 AT
25 1¥1 METEOR 1EIRVHIA B 5 =i, B 546 TR,
H B R 4k 25 B TF o X Rh I G5 A 45 M FE )
APEE, N 1 BT S BT 55 1R AR s TRz /)
T 1) AR AT 55 (R A e 1), B DA R AT 55 75
55 HEFE b /N T 1) RAE AT 55 o 10 T I A A Y
ISR &, BEA 2 m T 5 TR I 2 S BT
%, VBT 2 7 WAL S R4, M2 T,
IGJA-QAP HEAY T 25 R BT 55 e A i %
A RAT S, AEAT S5 MERE B M55 13X Fh AN T~ i 0
%o HIK, IGIA-QAP FALKG B ANME 55 fb & 2 55—
IR T R, B — AN A 38 FIAS [R]) 1) A s a3 AT A2
o IXFPG— SR BE A PR AR 5 ] BRI R 2
(B PRI S — 2, tRE S (E EAH B [ At . A
I, A5 AR AT LA . IGIA-QAP £
SR 1] A BRI S84 R I AR LR K I 3
BABEF LA Z S, {F OneStop MR, TR E
NA] DAL PRANME 25 AT A . AERIR I 45 3R
K, BTG —EZEAR G NESEE LR
A DAA ) AR BRI 28 AR BT >R T AR ELARAK
4.5 NIV

i T ff B E 31 Y45 $5 8 BLEU. ROUGE-L PA J
METEOR #5485 H e 1T Aili 4E B8 55 S s
B) R A AR, T o B 2R R 20 5 H A il
ESht 2 (B RVE AR o B R T F I Fe bR g

i AT L PP IR PSSR . BRIk, 9 7 SE 47t
PEAL ) B AR O, ANSCRA TN YRGB
R B, AT SQuADIIELHE G 1) 56 31F £ rh [l
BLIHEL 200 MFEAS, FRREATI BRS04 AR
fITHIRE Y IGJA-QAP DL & OneStop B, 8% T
AR R T2 5%0F o R A 2B IR I 2 06 43 C 45 7 S
TN ATV, A AT 75 EERL AR ) 3 1R A A i %
AR B TR 20 B o — AN IE BRI W15k 4 PR, AR
JE O S AR 1 ) A 3R AT B ik, DL SR A by
IGJA-QAP WA i & . 52 /1 Liu i N TR
TAEZAL, Al @ LR s, MAFE R
A FE VAN A BRI 5

%= 4 IGJA-QAP F1 OneStop #&EEI7E SQUAD #3E /Y

ALFNEER, Hep Gold 215 BHriE)1E ST

[EfEE bt} OneStop  IGJA-QAP  Gold
. Yes 22.0% 41.5% 95.0%
Hszt No 34.0% 12.5% 3.0%

HeE Understandable 44.0% 46.0% 2.0%
BT Yes 33.0% 69.5% 95.0%

VCHL No 67.0% 30.5% 5%
RKIERT Yes 27.0% 47.5%

EZH No 73.0% 52.5%

1. MEXNEEESEH LRB TR %82
N T BB R A 2 A OE VR USSR AN IR I
20T, R AR I AR A R Ty PRI 5 T DA
MZEANIR T IESE: Yess No B Understandable. 24
B Yes I, R4 R Z M R AR 52 88, WA
RS R B A) . T ) e A o — N
PEE BRI R R, T DAL Noo 2 ia) 0 3L
o — ANEIE VR B A 5E 4 IR T BAT AR AT DAHE KT

HoA& SO, PEION 2R DLk Rk ik I
Understandable,

2. MENMEEN ELRBLERS ETFXCEY
FEOR? AL B 1) 25 0 SR AE 3 S _E 8k =2 A 5G4 B
FHEHETIER, R G PRRES, ARESE
B ) R A AN 5 2R A R PIAE 55 2 B R S AR 5515 R
A, R TR A BREAT AR DR Y IR 5t . 249
DN SR DL RN 58 22 TR A OGP AR 95, I HLREWS
REMGT) BN UER, BOZEEE Yes. @R B
P AT A R L, PFIIN 53 8% 3% £ No.

3. [REXT R RN 2 1E LB, 5 BT
AXREARRS BAR BN AR ? A SCAE
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kIR A, I HRRRERIE EHZ
FEPEAE R, WA 2 Rk T 7Rk, 7k,
XA 18] FEAR T LA 2 IGTA-QAP AR 75 HLAT i K
A S PR AgE RE 7, BD AR o AR R SO AR A
) T AR AE AR 25 () 1) % o TR 224 4 i 1) i) 25 A B DT
Bt 5 SCEAH SRABAEE v 808 S S AR AR AN [F

AR, SRR (AR BE T, RSB RH
efido L5 EXF =AM R i, &t N Loatrigs
F AT LA BH IGIA-QAP #EAY 1] LLAE il s = 1) AH
VLR 5 B FSCRE A HEA Z MR AR )
5t

4.6 JHRRSZLL

BF, PRI RN IERE Yes. BN, MNiZikE#EE No.

*® 5 HRMSLIEER

BLEU-1 ROUGE-L METEOR
iﬁ%g& ﬁﬁﬂ N o o N o N N N N
i R BRI i R R e A i AR
Ours-gate 15.1 22.9 23.1 41.0 13.8 25.0
Ours-two-decoder 37.8 229 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 17.5 253 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 43.8 439 17.3 45.4
IGJA-QAP 30.3 27.2 44.1 59.0 17.4 459
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 12.9 232
IGJA-QAP 323 24.3 43.2 48.9 16.3 29.1
bliibORZ A MY AR IDNI AT TR 25 SR G =2 3 N PP BR T (A I, WA SR R

4 MBHRAR . WNRPRATTUER], BTH0E kb
FE R R B SQUAD EHE 4 I BRI o A
G —NERIER AT, X577 A 5 8
B BRSOV — T UE R, B ARIAE 0 A
25 E N SCEBEAMKRR . Fk, R 4 bRk a2
HATAEILEFE S BRSO . sk, kA
A LA 2 OneStop A= M 255 A 64.0% 2 5¢
B AT AR, T IGJA-QAP HEAIEH] T 87.5%
B . R 4 R A SRR, BATHIBAAE
AR A R SO S8 B 1) A) - TSR BAR A . i) K
] 20 A VCECHT, 3 Hh AN 2 8] BT Jig L HE 1)
ZEPRISAIE 7 AL 1) G0 — 15 AL R A% 1 OR AR B 11 ) A
Z Nt 2 A B A M RS G R . BETERE
AR R TR B0 TS AR U [F T B AR B RTEE, FR
TSR AE SQuAD il 4E Hik B 1 47.5%, Ak
(1) 1] 2 0E K R — = #B A [\ 5 Aw dE R & %, T
OneStop RA 27.0%. #HXtT OneStop, IGJA-QAP
FE 1) = BT 20.5% 142+ K B IGJA-QAP 4i—
(FIHE B AH X T OneStop HEZETE I SR B v 5 A A (1)

AN R ZH A o BEAN SR B AR O DR, FRATTHRE AR S
PR IGIA-QAP 181 5 DL =N AR AR RS 47 %)
EE S5

(1) Ours-gate: %A ARBIA & M T8 B R rh %
FrRE G RN Z LTS BIFEA s @iy, &g
FAERL 5 5 PR AR r) B BRI B AR s v A i)
TERXMIEOL T, WHERG T2 LI TEE R (5 Bl
N E ) B A RS, FRATTAT DA BI7E = Al 4k
B G A ORI i i 2 i 1) - 5 45 SRAE METEOR HE bR
EFRER T 8.4%F 7.6%. AR FHZ KT,
AT R D 0] A BRORT R S AR B2 TR RS B 5] .
FAL, FEVIZRIS S B 1 A G SR LR,
M 8 5 30 Ours-gate R AR 72 . %% L SIG I
RA LA U HERZN G R 2 LT USGEESE R
A AN ) A B TR AE B

(2) Ours-two-decoder: %75 A5 &4 7] @ A=
PSR 8 A B iR it R 501, RIS R 2% 70
AR, ARSI ORIFAAL o 1ZAR At — AN AE [E Y
S E AP AN ERAR ) AR AL AR A R, R e I AR s
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AT S 51 31 22 SR TR 3 3l B s @A el {E
FEBNR, JEATMERRAC & P 2 g 3t
LG A8 3 T A 1) R S, B R A AT S5 AN
i) A= AT 55 2 18] ) 52 TR A BILAE 2 i B
g, R 5 Pron B RARMPERE N T 4.8%, [
R PR RE TR T 1.1%.0 170 il s o 25 SRR (it T
ST 77 IR IE 95 22 W AR SCHE HE 1R 48— HE 2R AT Aot fie
BE T PIAESS 2 18] A5 258 e LA A B T UG e £ i)
BRE o

KRR FEEE —/ANEHI, AT DO %2 )
IGJA-QAP 1 OneStop #S AT LAAE 5 — AN AT 132 1 [7]
{H /& OneStop LA fh Y H > 1) 2 22 17E [9] 2 n] L B I
A ER HAMER, mRATHRBA IGIA B A B
(% 22 Re% B ARUERA D [ 25 A2 B TR R, A EIR 52
Birh, IGJA-QAP B AT LA AE VLR, 5 B R 30%
DIAHC HZ R R 25, A2l 2 Z a8 H A UER
by [ B R R Rk, FRATPRE I — PR R e
FEUF M PPAl ) B0 B AR RO B Z5 B RTIR, X EE R

%= 6 IGJA-QAP F1 OneStop HI4 B =1l

o' Harvard's $37.6 billion financial endowment is the largest of any academic institution
o [f8 What is the size of the school's endowment?
it ) 25 )
B $37.6 billion.
Ji] R« What is the largest financial endowment in Harvard?
OneStop
B Billion.
Ji] R« How much money is Harvard's financial endowment?
IGJA-QAP
B $37.6 billion financial endowment.
ETF3 Tumor cells often have a reduced number of MHC class I molecules on their surface, thus avoiding detections by killer T cells
o Ji) 7« What receptors do Tumor cells often have reduced concentrations of?
PR ) 2508
B MHC class I molecules.
i) 7 < What is the number of MHC class I molecules on Tumor cells?
OneStop
B A reduced number.
i) 7 < What does Tumor cells have on their surface?
IGJA-QAP
g A reduced number of MHC class I molecules on their surface.

(3) Ours-pointer: ZARAEZ Z A4 # 22
PEAREF 2%, IR 2 A 250 . FRATAT LA S 2],
R IRE M 2% = F B =N EIR AL BB AR
PERE L T B, 7 SQuAD %4 % |- METEOR {H E
FENFE T 16.3%. X P NS H T IH RE LS,
B TEIE D OSCRS Hh S B3], TR BUE S R AL
R4 EARARIG T I
4.7 R

T S b B A TR (R DR, AR SCHESR
6 BN | AR IGIA-QAP 1 OneStop ! /M
R AERMEG . NEBIH T LUE H, AT A A]
DAZE BSOS ERf . BE ik SEDURECA IR 2%t M —
ANEHITTLUEH, OneStop A B 1) 85 5 S 2 A
MR, B R SCH A “ the largest financial
endowment in Harvard?” #HCHCHIME B . BRILZ Ak,
OneStop AR E ZWAILE W @, FHLmE, &
TR R IGIA-QAP A p 1 —MILHAC H 5 b R SCH

BIm] LA B IGJA-QAP A7 H AT 1K i 1) B g A1 A il

RET.
5 BE

ASCHH T — R TR G 3 B B
AT IGIA-QAP, HTM%E LR EZAE
FSE R B PR ) 0] o IR 2 A SO A4 Il AR
RN 25 228 BRI R BR 68 CR FFAE R Y R SCE
SAF R, T B B A I 2R S B B AT 45 2 1Al A5 2
LHo A, A ) AN 2 IR BT T A &L
Hh B AR B B I S AT 45 2 TR RO FE 22 5, AT
B AT ATACAL ) o o} ) 228 %6 A AT 55 BT 5
(1% 251 5 00 2 Sk T THLH) AT DA 2 58 26 RO i)
A BT 55 2 1) SE IR ES AT 55 A JE AL, AT 34 5
R 2 A B . fE=ANFEUESIEE EI KR
SEG R, A SCHE H LA AR TS BRE BB
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T B S 06 4 R P T AR A R A AN AR I AL
Mo N LAPAG SIS HAESE T IGJA-QAP FR AT PLAE
& o HL 2 REPE Y ) A4
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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 answer extraction(AE) and
question generation(QQG), it is 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 AE and. Despite the progress, there still exist

NAACL-HLT 2019. Minneapolis, USA, Association for Computational
Linguistics, 2019: 4171-4186.

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

[57] Banerjee S, Lavie A. METEOR: An automatic metric for MT
evaluation with improved correlation with human judgments//
Proceedings of the Workshop on Intrinsic and Extrinsic Evaluation
Measures for Machine Translation and/or Summarization@ACL 2005.
Ann Arbor, USA, 2005: 65-72.

[58] Lin C Y. Rouge: A package for automatic evaluation of summaries
/[Text Summarization Branches Out. 2004: 74-81.

[59] Chen Chen, Zhu Qing-Qing, Yan Rui, et al. Survey on deep learning
based open domain dialogue system. Chinese Journal of Computers,
2019, 42(7): 1439-1466(in Chinese)

(BRIR, RGNS, B4, B TR 25 S I S 15 R G0t 7
2RI, TFENLEAR, 2019, 42(7): 1439-1466.)

Lin Shao-Xin, M.S candidate. His main research interest
1S natural language processing
Wang Shan-Peng, B.S candidate. His main research

interest is natural language processing

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 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
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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.



	基于交互引导的问答对联合生成模型
	Question-Answer Pairs Generation Based on Interact
	Joint Abstractive Model
	1引言
	2相关工作
	3问答对生成模型
	3.1 模型框架
	3.2答案生成
	3.3问题生成
	3.4 损失函数

	4实验
	4.1 数据集
	4.2对比模型和评价指标
	4.3实验设置
	4.4实验结果
	4.5人工评价
	4.6消融实验
	4.7案例研究

	5总结
	参 考 文 献

