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Open—Domain Question Answering Task Enhanced by Multiple
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Abstract: Open—domain question answering (OpenQA) is a challenging task in natural language processing, the conventional machine learn-

ing and deep learning techniques are commonly used to retrieve many candidate document fragments related to the question from the raw cor-

pus for answer extraction. However, the candidate document fragments retrieved by current methods tend to include considerable noise and ir-

relevant information to the question, and the previous OpenQA model falls short in accurately responding to questions that necessitate multiple

document fragments as correlative evidence. Therefore, this paper proposes an open—domain question answering method based on refinement

and fusion of multiple documents(RFMD). Specifically, RFMD designs a Transformer—based document refinement module during the retrieval

stage to reduce noise information in the candidate documents. In the reading comprehension stage, RFMD employs a text generation—focused

question answering module. By constructing a global attention mechanism across document fragments, it integrates information from multiple

relevant document fragments to accurately answer questions that require multiple document fragments as supporting evidence. RFMD achieves

EM scores of 45.8% and 63.4% on the NaturalQuestions and TriviaQA datasets respectively, verifying the effectiveness and superiority of the

model in OpenQA tasks.

Key Words: open—domain question answering; pre—training model; generative model; similarity score; Prompt design

%5 H #3:2023-09-19
P H#ERES . :
EELTR. B E & WA MRS k*i#ﬁa ﬂP & B AT B (SGSJ0000YFJS2200047 )

VEBR N 21 (1982-), % M+ AR B MA RG] KHEFCHEIRTF, L HF @O BAREERIEIN. ARETLERR it BH
iﬁ#iﬂi&%i]%ikﬁm-ﬁii%(ww—) BoHE,BRERARNS KBTS TRT,ART @A KEHE. Alv’aﬂ

#it 3 X 4&1%(1994 ), B, Mt AR MARNE KEB PR IRIT, AT @SN KRB AR

(1985-), % , A+, l%‘%ﬂfﬂﬁa 3] KHAE P TAT,BER 7 @ A 8 ) K Al*ﬂﬁ%,m&ﬂwss—),%,fﬁ}éc,lil

RO MATRANE) KEAEFT O HE LRI LS @A N KRBT ALK, ABIRAFH AR



55 9 i T RRAG, XU R A, 45 - 8 3 22 SORPRS HE-S Rl T s ) 2541 55 1 2 S 8L - 83 -

0 35

il

T 75 3, ] 2% (Open—domain Question Answering, Open-
QA) & FE 1 K R R FUBLIE 25 0 (1B kL (Can 4 L A L)
12 [ ARTE B A L R R 24 nT A T £
Pt AR R G BB T M REEIR %, H
HT T2 0 A T s [ 225 D ko % R MRS 45 4 A 1R
PEHATAR BRT R, JF 3 HLas ] S B A A [ml 2 AR TR
(MR, 5 GPT R4 1Y KAE FREAUAH L, H B & 2800
NG T R U L A KRR
A 2 A LI R B AT R S50 Pl 28 0 45 1 A K i
it o R IBORIR, R TR R i S BN SR | ok LR
R U S R AR AN T o ARG 2R L B T O e ) &
BRI AT )T I S A TR R A S, RS T
(A1 ZZ50T RN BT sl T, DR o LA H BT 9 2 5

1 MHEXTIIE

TE 32 3 A T 0 ) 24T 55 W9 v e e ) R 5 3
PSP B - 5 B Z R B s B . 5 B SR, B e+ 5 1)
FBUAH 5K 18 i 306 SR 5 ] 12 LR , I A A 28 SCAY rb 4 B 1)
UG S o s B R B BB 72 W ARSE M AL R % (iR 15
A8 P I T A A S AR Ao 18 SO, DA T 446 /) ] LA 56
R E, EA TR AR B R INE AL 5
Bl S TR IE 7 2] J7 ik o AL GEblan sy > J5 1k 2R A
] 73 (1] 5% 750 LR A S5 A7 DA K AR 38 e I v 4 AR DG
SO o A ) S (AR rp SR v B BRG TEORE SO A A
6 172 LR 0 B Ay A 1) RS, R A i ) 48 B X
AFEBATE o FEBEARAR b i) 2 [] R 3R O 28 AR A
BB rp o ORI, IXLEAG K7 ik T B TR B R s K R A
SR SO, TH AR i 22 73S 114 Jes RSB RY T E 2 28 Wi
AL 5 o) ¢ Y A B AR A SCRY ™ ARk IR
IR B R DA T2 N 8 il AR 16
AL SCRY A i8] 18] AL, DASigp R A 58 05 125 v s i 2% 7 A1 1)
ICE S AR L, B, Huang 50 & T — RI1 HA
DRIREE R IR TE AR T SORBERY RE ) AURURIRUZE i 0 1 A SO
WS ) — A A AR A ) o Guu 55058 3 8 W O
TR ARG B 2 , I3 o S I ) 2 9 4 55 UE W]
FATE . T TR AR B R BRI U [tk i
HRHEAT O o , A HCH 5 A v ) AR O A9 e e SO, TR
] 152 B AR ASE SR HEA T 24 S AR, 2 A A A 0 AR
W e SCRBEATAR AL it , S BONGrad e P 5 1
RAEME A MU B, ™5 0 TR U S A TR fE
AR IR B el P B0 U5, DR T A o0 00 G 2R S ) % 32 SO
HEA T E T RO 0 HE

5] 152 PR A 2 T IO R 24 1) 75— 4% AR 55, LB AR 2 A

i 176 SRS v HE S S [0) A 22 L i B B P RE IR T I R Y
O Fe M A SORY 5T R LA 1% Bl e B . ARG
LA Ty A A v [ 2 A A Ak, L ) T 4 0
K BT SR A A SR s A TR R . R AR G
P T 5 v B AR T i 44 S AR U B R (Named Entity
Recognition, NER) , HLif 7 >R FH SCAS | Ha) A 1 5 /0] 74 T
i 45 7 1 AR B [ S ] g 2 e 1 A 8 1 1 SRy B
PEALE T X [ 5 2H TR A i R A B o) L 28 S8 2 0 ol e vk
1245 I Z Bk [ ARIE T R A . JE TR 2 ) W vk
3 SR FH DA 36 SR v N ] R 2 5 0 B ) O 48, RIDRE 8
SEAESCRY T (R JF B o7 B 5 TR B 4 5 B Y AR R )
R e 25 %6 o TN, Chen 25112006 285 36 [V 150 R0 % 2 SC Y
S A1) RSB T A2 0 285 v, ASE R TN 4 24 529 5 Kar-
pukhin %53l B Bert 15360 75 45 1) 24 52 (14 BE 75 S H: Token
5, 0 P AR 6 i v 1 15 AR A R 2% %8 5 Roberts 5511
P AR AN AR BRSO T |, RIS 5 B AR T 7%
B IR 25, SR I 7 12 T2 4R B s BT A A0 AR, X6 T3 4
Bl A R[] TG VAR A S TR [0 O % el e A O 1
TR T T LA 5 i AR B8 B3 T A Jr vk, SR T 2 Dy vk
T A B[] U5 SR AFAE T 25 T M 2 SO P g i L
FEAE A REA PR

25 TR A FE ORI AT S5 AR AE A [l DR
RENH)SCR AL NSRS 40, WS {5 B £ s Q7 1H 0 & 24
()R E , 32 AT e LA SR G 224~ SCR AR DGR LA [l 2%
[, Aok TaR Rt 45 T T 2 SRR HE S A Y
T ik 48 [71] 25 5 ¥ (Refinement and Fusion of Multiple Docu-
ments, RFDM) o 5 Hif A58 458 U DA 26 SCHY rfofH g b 2
HUE 22 15 B 10 D VAN T B AR S R A% 42 1) TF-IDF
T3 WX [ vk 2 AT A 2R AR B 1E SO | 22 5 ok
5 BT [ REURN SCARY HEAT B A RAE | I3 T 1] 2t AH AR 0
o 5 [ R SORH G AH 5 28 BE IR Y SR, X — b A% T LA
/D[] R 58 1 45 AR S ] S BRI e TR I MR 7 . 2 0,
T 1) AN 0 F 1) A6 28 1B E BB B Prompt, ffi 15 /5 22
R FH 4 A2 i A5E 78 8 dpe R PR b R % Prompt AN [R] 7 B 9 7
o feJE, BT AR RUBALRE B0k A 240 SCRIER R B,
DA figg o ) R X 52 2% L) U2 S iR AR A7 AE T 20 3Oy
AITEOL . WAl 1 iR B AR 38 R HEASE DA 18 1
JEE T AR R R A DG 8 SCRY , I L ) AR AL RS
552 A R AR A Prompt; SR 5, 26 A A BB AY | A Rl Ao A
G 2 R BON A AR R R SR

2 FEREWA

FET 2 SO HE-S Rl A T s ] 25 K8 (RFMD ) 42
P NIE 2 7R o REMD A8 iy 4 B8, 00 0 I o
TR AR 5 08 SCRY AR HEAL R | Prompt 15 A5 B A1
T A Y A (R A A



- 84 - BT T

2024 4

BB

| Q:What factors influenced population growth in England in the 14th century?
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Fig. 1 Document refinement and multi—fragment fusion case
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Fig. 2 Architecture of open domain question answering method based on multi-document refinement and fusion
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