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Abstract

Recently, knowledge graph based question answering has been widely used in many fields such as medical care, finance,
and government affairs. Users are no longer satisfied with question answering service of single-hop entity attributes, but
want service which can handle complex multi-hop question. In order to accurately and deeply understand multi-hop
questions, various types of reasoning methods have been proposed. The latest research methods of multi-hop knowledge

graph based question answering were systematically introduced, as well as related datasets and evaluation metrics. These
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researches methods were divided into three categories: embedding-based methods, path-based methods, and logic-based

methods. In particular, frontier issues discussion were focused. Finally, the shortcomings of existing methods and suggest

future research trends were summarized.
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Jit & KR U 24 SR R B i ) O R B AR
o AR 3B B BB By, #B A A
HY 2 AR N 2 /T ER 4 AR R T R
43, F ot B FE 1Y B 2 A IR P ok AR A
HEE . STAGGH R 7 AR K%
R IS SR 8 B TR SR BT A3 AL, DT
TS5 ME

X STAGG TGV B0 35 2 2R 40 H
HIIRIEL, Bao J WEE AP fre 7L AT
B ST, Frdg TR B R DR WSk
KA HE, FE2HEL RPN Z
H AR A (multi-constraint query
graph, MulCG) SRsZHIHERE, MulCGAJh%k
BAESTAGGHIHEDE, (B2 4L TR Z MM,
PR 24 A i, STAGGFIMulCGE5 7y
VR BSR4 [ R P R 106 32 8 S (R
PR EN IR E TS SL R b, SAREE B2 i i
K e B2 HEEL AR . Yu M&EA PO
SV (7] 25 43 S (R B 42 0 5 2 A
P R FAL S5, IR T— s
STEESR A4 2 ] LSTM (hierarchical
residual bidirectional LSTM, HR—-
BILSTM) f-T RS, XF-T5C sk 122,
fl i T £ E], 7ESimpleQuestions L #E4E I
F SRR A Top—1EFZ A 72.7%,
] I A Y S (R4 402 28 7 AR A e 1R % 14 32
SLARJE, ORI A i AHR-BILSTM
H, HR-BIiLSTM® (ALK AERA B3 R
55 34 32 SR AR SRR I 58 R HEA AN AT Bl
F LA GtS, FErHERE AR LS4y,
PR R 5 BB 261543 15 1o 1 5 R AH T (14715
16 TSR FERE T 0T I USRS, (]
FEEHHR-BILSTMIE#ZFEH IR R, LLUA
Al AR B AT ), A AL B A2 S, HR—
BiLSTM{HEAES TAGGH A

T RS R A 0], STAGGHAERZE

2Bk NHIBEAE, Jowk I A o 2 Bk E
(AL, Lan Y SEEAPTECHE TSTAGGT %,
FEFCAT AR, R B oG R B A2, RIFES e i
FHIFEI IR, TAE HAEE 7R R B
B2 JEHINZAS, anin] DA 3o 4a s
Ras(], B g AR E A B T AT LA
A FRAD & 2R R [RIEFOE K 2 BRI [R) 2,
1% T AEWebQuestionsSP (WebQSP) P8Iz
HIEHRSE ERUS TG RE,

BT A2 1 22 Bk S0 R ) 8 A 2 O vk
HA BT R o (H L RB AL ¥k A Y
IR, FEALH R MY | 31 SRR,

T o

4 BEFZENSHAMRSEE

FET A5 18 FE A0 Y Ty v PR A 3
e AT R SR AR A, TEZ BRI A 4
BRI FEHRE)Z . HoH, VD@ R
MR, g SRR I, e G
HIRMR AT, — B @ 0 JUAE T o T
HRG K TEEANABET - EENZ
BRI R R T 5 1

g G — BB N B AR A R
TR B AN T S AN A, B 2R AT 5 8
28 T7 35 OO UE B AE F1 R i EE B A 2
PR (59601 SR, FER AL AR IERE F b T
=ICHZ AR e ai A, DL BTy ik
TERERIME, R BAI% . FE T = I LHI
Ve o 225 o] 245 i A BB v B A R g P )
Vardhan V HEEA U4 H R 02 5 14
T % (probabilistic logic graph
attention network, pGAT) A/ EMEL
HEUT S IR AR E B 244 58 LT
FIRE =TT G A, XA B TR
LSS G — I B RN 4 %
PR R 52 R 2 B AR A2 R 4T A F)
2%,
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UTAESK, T i R B T A7 AE
TEE P RN B [A] A, 8 N 5 R ik
NFHEE G o2 BITR 2 5, 1)
#m A\ (graph query embedding, GQE) 1621,
Query2Box!"EL K Beta EISEE T 34 25 1)
LR TG R, T REEEE T
FEANAE R g T 2 MR DRI B AR
RS, XETTEE— B8NS E
VEFT I8 3 N 2R 2143 1 ) LT R4, BTS2
FEEL S Y ISR T e D A
IE A IS TUART #5 7F A= B8 25 90 A iR N []
i S NESBURHEIF SIS R RGN /PN
S B IE BRI A 2

GQELZEXE—MBEE M —1
T, WA A B A& BUs B A
o GQEH T W MZL Uiz B A5 P
(projection) F17 (intersection) , Efip
TR IR ™ — Bk 1 % R oK 2w A O A
TR A\ g5 59 T B R N A &, TIATRE
R HE R R A A — AN R TR
TR A M EERR, DELLE EEEUS
o PFAIH= (4) S230:

P(q,r)=Rq

1G5 9,3) =W (NN (q,),Vi={1,---,n})
(4)

Hrf, R FOW 2R TR R eI 24
FEPE, NN & — N EMATRe &ML, ¥
FE— AN R T R AL
GQERA i AN M 23 Al il — A4~
o Query2Box I\ AE e — W iB 2 if)
W —ANE SR SR A, (B EHRT— A AONBE
AR — A G, FEEAE 2SR
P RUHOE I R AE R, #Query2Box
B A i AR a2 [E] i box . box FHHR
ORI S B0 4 2B, 5 28 S AR
— AN TEX N [ box HE, I F itk At
FE IRl HR O RORT i S TR 8 430 BT 1AL
PR ST R R AR R IR AL R i B TR O
fIbox, X T 4 HTH A HIbox ik ApFl T~ —

bR FR AR A, R FRAMLF IR0 A
FVR S T 74 43, P45 38 I 7 1] 22 A
HEEp R AR N AT I box, THEREELZ A
box A ERIE N AR, it Ik iz
LB HEREL, RP AT A 5 A I i 1 box ik
Ao Query2BoxidfEGQE AL 3G INT
WEVIZE, ¥ 3 T 2EA NI, GQE
MQuery2Box a5 J7 Bk ] ik A P X
B, e anRO L B AR A (A R ) — A e — A
box, TP 95 P DX Il BSOKh AN 68 4521 P4
XA, Jr LUK 28757 B ANBE SRR 8 B LIS
S, AR A E M A T AR AT
Query2Box%E, BetaEPF S (A F1 2 A 1 A
N0 XIA] B pasAt, FEohplal i E ST A%
RR AT | MR AR A3 R 2
HIZES, U R EIEAW— 2 EE
o KB IS A EIEL RN S0 T U s
BAL, BV v Al 38 22 R DXl B e P (PR R 2
B, |2 TRR . X TR G, BetaE
R RER 7S — 22 -G08, DL
Fr— A prlstE L N —HkA o R ICHL R
—/NBIAE, BetaERHER A SURHZ B
TAHTAR . [FARE, d2 T B 4 LK
Fy s A R Bl il AR 4, B AT AR Bl vt
NERIBAT, SRJEAER AN 23 () 3 5 A 1 ik
MR SR T SRR 2

BT — B B A 11 22 BR AR (]2 4
B ERAA TR FARME, B,
TN E I, — L 5 i
MMEZE R Eh G, B K2 s A i
fir Al B 23 (A ) U #0, Bae BmT DLE
TR BRE A HE R, (HIX SUA RUER N AR
G b AL PR AT AR A I

5 ZFN

X 22 B IR ] 4 B BUAE B £
P BT P AT DA AR ) P RE SR
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HETEANEAE S A IR EAT MetaQA |
WebQuestionsSPFIComplexWebQuestions
(CWQ) &, AAb, #E BT S H %L
gk (ANFB15kMIFB16k-2374¢ ) il ok
M3 BRI A, LA R R B
HEH AT KA 2R 2 R PRI R S 2
PRUFESR, ISR 7 A EE RS
IR T TR AT

5.1 FNEIRE

(1) MetaQAZLHEEE

MetaQAZHHLEEFLTF WikiMovies!'d
IR 2 BRI R, eE S
40754 L2 U 22 B[R], 1 24 [A] 7
A Vanilla, NTMAIAudio 3Nz, Vanilla
IR Meta QAT # T 2 BE AR (7] & 9
BTG5, CRR TS 1Bk, 2Bk 3Bk 3R iy
AR EE, RS — D HREE, AL
135 000 N=JT4H. 43 000 LR DL 9Ff
Ko

(2) WebQuestionsSP#{fa£E

Yih W TZEAPS WebQuestionsZ
PRI IE 1 T WebQuestionsSPE g
2. WebQuestions/ & T ik ELSL A]
raPEd &7 SN PP S R a7 6 = N VA
R FH: (Google suggest APIL) , &%
B A F-EAmazon Mechanic Turkjiid
NTHREA R . WebQuestions HALE T (1]
TR 28, 1A F AL A0S B ) 215 4],
EFRTICER A7, WebQSP AR/ A T H:
XA HISPARQLELHI5EIE, JFMIBR T—L£85%
IR I SCLL R T03 W = B SR 1 T,
WebQSPALE4 73741 BRE 2Bk, [
1% SR IEFreebase ™ HITH ZEHHE]

(3) ComplexWebQuestionsH HE£E

Talmor AZEAITOFEF WebQSP AR
TComplexWebQuestionsF#t4E . HE M
WebQSPHISRAE AL HSPARQLE i,

FFEZNHAIE TS AR E S HE . B,
Po e 20 DA R me i 5 T N SPARQLE
i, g7 H Amazon Mechanic TurkAxdl
SEEBIX BESPARQLE W HZH N ARTE =
[FIH, [l B I fEFreebase AT
SPARQLAE 3k 3. CWQILAL%34 6894
(A7 K2 FORE Y 3 2R FISPARQLAE 1.

(4) HADEHE L

FB15k!!* ZFreebasefl]—NF%,
W02 TR T 3l b 4 Gl ) — > B £ O
&, mi=JcdMpk. TR FBISkIL S
H PRt @ 1 [R]E, Toutanova K&EAITUAE
FB15k 3l B9 T FB15k-237, FfH
BT FBISkHH AR 2 o NELL995HT
G HNELLR G A HE TR

5.2 {EM$EHR

Hits@1. F1534, “FHAEHEHES (mean
reciprocal rank, MRR) Fl1 4085 5 H(E
(mean average precision, MAP) &%
FHRPEA Z2 BR AR ) B R R R A TR AR
U R BN [l Sk 2R AT 55, Hits@1&
TRIEME e A H P S — b .
F 143 B 48 1 2 3 1 8 28 HORS i 2 A0
[ ZR AN, BUCE TR A R F 153
W FEE B e 2 F 145 5% . MRR
T BT A IER 2 S8 SLARHE 22 BRI E I HEMEL
MAPHEX T 2 1 P IEREE (average
precision, AP) HUAEMIZR

5.3 XRLERESH

R 15 HE T HB 43 22 ik IR B T ik
FEAE A SL B8 2 58 (MetaQA . WebQSPAT
CWQ) EHits@IPgZEA, “=" FIRLEFCER
WO R AR PRI EE SR AR L5, 1-hop. 2-hop
FH3—hopFe 7R HESL (R 2] H AR % 28 SR HE
PRI T i 1k . 28k F3i8k.
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&1 12EE MetaQA, WebQSP. CWQ Y Hits@1

MetaQA
TR WebQSP  CWQ
1-hop 2—hop 3—hop
KV-MemNN 96.2% 82.7% 48.9% 46.7% 21.1%
GRAFT-Net 97.0% 94.8% 77.7% 66.4% 32.8%
PullNet 97.0% 99.9% 91.4% 68.1% 45.9%
EmbedKGQA 97.5% 98.8% 94.8% 66.6% -
NSM,, 97.2% 99.9% 98.9% 74.3% 48.8%

2021026-13

HRITTLLE H, fEMeta QA% TR
b, TRk R, JLM R Hits @1
5 UM T, T A A HE R BRSO i, KV -
MemNNAFIGRAF T—Net #5501
BEA THEMW M. HETKV-MemNN
FMGRAFT-Net, PullNet7£ 38k & _F
HAREUAG T A4S R, HPullNetfE
3N E RIS TR ENER, I
a3 7R T AR H 0k AR A ) R 1
AT 80 DA Rz P o 258 ) 28 A T AT
P 1 1) 2 o B[R] A B 0 R PR A B
KV-MemNN, GRAFT-NetflPullNet,
EmbedKGQAEMetaQAX 245 (1944
Hits@ {E 7, fEWebQSPEI 4 Lt
LHoEH, IEW] T Embed KGQA 318
VG TE 1 7 V6 A fif e 22 Bk [R] 25 [R] | i A7
M. NSM, oL B TR 1A iy HoAh
Jir A A FEA T(dE ] Teacher—Student
WR) 2 A5 8 2 ] ] s B 5 mT DR G b 4
THEFERE ST o

K2 TET BT (GQE .
Q2B (Query2Box) . BetaE) fFFB15k.
FB15k—237FINELL-995 3%k &
Bk PR 45 R

XHCENTHEE R LUAE H, X T %2
T EHE S, Q2BfEL-hop. 2-hop.
3-hop(Al_ FERIHMTGQE, WM T
FEERIE PG A9 (A1) i A [a] B 23 [H]
HR g — A box A —/ s R T 2
T HLAESE PR L RB IS BE G (45 5o 3/

i BetaEAEZ Bk BT 55 L USFHIMRR
AR, SR TR R AR B A R G A
KT8 G878 A

RIFIH T BT iR =S 2 Bk
IR A& T P48 SIfEFB15k, FB15k—237
FINELL-995 34#4 5% LigsR,
MAPEN IR A Hits@ LFAMAP, “=" %
T SR FRORE B HE AR A5 R AR ZA
3T LB, fFFB15k-2375 #E 4
I, RewardShaping ™'y Hits @145
FEMINERVATSH T 11%, XA AT REE
MINERVAF 5 GEAR FE I 2k I 25 32 BB
FREAR B, SR R =2, HH
H T 6 = IR SR A T 4%, 26
PR TT RE W (5 4 R R S H 8 S8 M gk 5 |
4 T IEW 22, RewardShaping &L
R R T Pk, R REARER R T ) V2 W 8%
1R Er, DIRTH X R B AR N SUR 1
TENELL-995%(##%E I, RewardShaping
BRI R IF AR TMINERVA, [H2h
RewardShapingifi G4t H-—X 2 [H 5 &8
B, MNELL-995% RS Hh iy ¢ R A K
£ —X— . MMAPZESEE, DIVAL
DeepPath® R E4F, X &K NDeepPath
TETE T4 B SR [R] i 8 422, k2D X S
PRS2 TEAE AR IR f2 SRR A T 1T, S 3k
oy 55 R 0T W PR O BUAE ARG, T DIVARE
JER A FLNGE 75 0 7 6 B S L B
M-Walkfff FIRNNgm DR A&, IR ZEEER
& 18 2R 1 R TR W 5 I I X T I 2 il
APk, 5DIVA, DeepPath#fitl, B4 T
HEUF LR,

6 &FiE

R, EAANEE TR 2 5T
WU [ 22 e In] 2 4 LT 3%, X BT vk
R T— It e, A5 8 7 A2 — L8
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Pk

HEH KGQABAR AW Je, 2 aEIR]
ORI Z RN NI H W AT F,
MATH AT ARAE R o T AE 2 2R L bR
s, AT N R A E AR 22 2
B[R], S A3 22 kTR B[R] 220 ol A
5, HIP R 3 22 ok [m) 25 4f L5 o A5 3l
M2 R . ARSCHT 3D ERL K,
SNEE T T ARk 22 kSN R A 2 HE B 0F 5
U5 ¥k ARSCPRZIT R 2 My A 61
T, Mo 2675 5 A BRI 5 07 1
HL AT DT RO K 2 1 o B T2 5
432, BetaEJy ik BOR K AN 7 =2
PRRIR AN TT 30, (BEZ T HERIE N
FE— BB R R R A, S 4%
PSR AT S B B — P SRR, AR SCRs
IT ISR N T AR TT o ARG
BT H A TTEARLE PR E IR, DL
AN R J7 SEAE B A B 4 B i e B S BT
G3HTe

AL IR 19 75 AR S bR N R IR AT
FEFLSR, FEZE LT 3Pk

o kAR (A AR AL MELATE Sy
VI VRECRAS 20 RTINS £ LSRN A
I Z B #

o /NEEACSESI AL AEHR BRI
BRSO, MLV BRI R
FFEBLE 2

o FIMEAR M PRIE A S Z B AR ]
BESHA R, BT RRE: 2,
SEUBEI R AIEE

&2 GQE. Q2B. BetaE BY MRR 582

it il 1-hop 2—hop 3—hop
FB15k BetaE 65.1% 25.7% 24.7%
Q2B 68.0% 21.0% 14.2%
GQE 54.6% 15.3% 10.8%
FB15k-237 BetaE 39.0% 10.9% 10.0%
Q2B 40.6% 9.4% 6.8%
GQE 35.0% 7.2% 5.3%
NELL-995 BetaE 53.0% 13.0% 11.4%
Q2B 42.2% 14.0% 11.2%
GQE 32.8% 11.9% 9.6%

®3 EFERECFINRBMNER

FEFR WIRFS FB15k  FB15k-237 NELL-995

Hits@l MINERVA - 21.7% 66.3%
RewardShaping - 32.7% 65.6%

MAP  DeepPath 57.2% - 79.6%
DIVA 59.8% - 88.6%
M-Walk - - 89.9%

2R 2 BRATR A2 HE BT EE 090 AORA
ANETFR4,

AR, B LU B 77 Tl HEAT R A
ifFge.

o i BERT &5 7l oIl 5 %8 L 1y i
I, ZOHRESTOEMES (R EER
B RE) BT Al R MEE LT
TransformeryE B IHLE] I 2 2
HIAGS, IRZ W58 E B i ) A AR %0
WEE S &7 . BIEWE S, iR
B R g s ar DL TR S B A ST 4
W, PTG BER T X 1 8 AR 8l H iR

x4 EFNREBENIDHOASHEIRSENRS

IR E T P

A

FEFAR AT Ik

RN FAHE T L
ST A TT 15 HA B i AT R
ST B AR T HATRENE ARTE R

T Dot T SO T Fr 4 5

T AL 477 T 75 E K

IR rh SRR FE A5 SRR I, 35 SRR R 22

Ab SRR SRS RIHI, AT

B AR

BB AT ST O R N TR 22 (R LT R R B AR 4T

oA AT ZR A A i
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SRS EE 7T, Rl SCAR BT SO AR B
N ICHYR G RE S 55 2 B HE B P BRI Y
FRAIEZE7R, AT HE T 2 e S TR ] 25 $E BRAT:
55 2B e

o I SI B 22 g B D G A DL R AT
K S 2 SRR R, RBO Y
— ISR G FIIR L SO L R
5 B 3R DL AL & 2 i S B AT 3R
Ko RAMIARKIGH HZ KT 2R
R Z kA& RIS, e ATH 255
< F 2L AT A R 55 75 3K o 2 B HIR
P35 BB 8 42 T A VR A AR S M AT 2 R
JATT BE 56 & Ml 35 3K 0 B /9 &3 B %0
o B ZREFENFIREIR, et
— PR s 22 A S SR R 2 Bk ) 2 B
HIZR o

SE i
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