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Abstract: Knowledge graph question answering (KGQA\) is the procedure of processing natural language questions
posed by users to obtain relevant answers from knowledge graph (KG) based on some form of KG. Due to the
limitation of knowledge scale, computing power and natural language processing capability,~the early knowledge
base question answering systems were limited to closed-domain questions. In recent years, with.the development of
KG and the construction of open-domain question answering (QA) datasets, KG has been used for open-domain QA
research and practice. In this paper, in accordance with the development of technology, the open-domain KGQA is
summarized. Firstly, five rule“and template based KGQA methods are reviewed, including traditional semantic
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parsing, traditional information retrieval, triplet matching, utterance template, and query template. This type of
methods mainly relies on manually defined rules and templates to complete QA task. Secondly, five deep learning
based KGQA methods are introduced, which use neural network models to complete the subtasks of QA process,
including knowledge graph embedding, memory network, neural network- based semantic parsing, neural network-
based query graph, and neural network-based information retrieval method. Thirdly, four general domain KG and eleven
open-domain QA datasets, which KGQA commonly used are described. Fourthly, three classic KGQA datasets are
selected according to the difficulty of questions to compare and analyze the performance metric of each KGQA system,
and the effect between above methods. Finally, this paper looks forward to the future research directions on this topic.

Key words: knowledge graph question answering (KGQA); open-domain; deep learning; semantic parsing; information

retrieval

7] 2 £ 4t (question answering, QA) AE% [ 5y 1]
R PR A SRIE S R, AR B R A SR IE
A A XS M, HTR P (knowledge base,
KB) & FH T A0t v H 5 LT 8 7 285 44 1k S AR 25+ 1k
AR R PR GE o T AT PR ) 2 22 D) BR JE 40
BOARRE A BRI L X RG N, RrdE Ll ]
FUSE R TE T R 3R L 50 i B S R R R
FE AR AT BT 75 A0S R) A 2 28 T W 1 B R
IR T (A SQL) kMg A if) . FARMERZ AL
BASEBALL"f1 LUNAR®,

VL AR | i 15 X M (semantic web)™ 13- &3
(knowledge graph, KG)™ {5 B K 2 S UK & 2 2] 55 4%
KK % Jg , Freebase™  DBpedia™ . YAG O™ 5 J] 451
SRR B3 Ko T e 45 3 1) 24 54 A w42 o, 4 PR
R AT [ 2 B — SR [R) R AN B R T P X £
I ) R T R o AT TR ] 2 (knowledge
graph question answering, KGQA ) 1 >k B2 5 4 ik 21 11
JEE Tva) 225 1) & %, n e 8 3 1 FH 3 40 Freebase 4538 ] 435
3o 1 S A 0 U R KGQA R G5 £ B U, LA [l
CE TSI 1 Tl AL, B 40 3 e TR S TR 2, 4
Z R FEAR BT R 12 K1

T3040 3 R T PR i ] 255 1) 52 B o FH 40 5 32
AR A8 R 515 0 R 51, B 1R 2 R T A R
51 R 515 AR 45 R W i AT B R i R A BB
XTI R e %% R B BE B BRUOAE 2R G B Bl AR B
T PATAE S5, SR 258 X006 b 4 - 2 B0

R TS B R R R 1 ) IR A R G
B In) R 1 A BOIR A B A AR TR R, Of:
A R 45 R TR P T R A 2R . AR, B A R
Ll 0 AR 11 184 4 DA B AT ) B AR A5 ] 2 52

[14) T SRAS Wi 384 o, B A 198 FF 50 40 3k 6 L el i i) 2250 A
G TG 0T PR«

(1) $2 B n) @ 1y i AR R o Toie Xt T g Hr
W IEAE BR R I 5 # T B R G5 B TR
FHH P e & [m) R A o SUAR R, 2 67 KG v 55 () 8 vy B
AH 5 I 0 T 5 DA Sk e e K A 48 2R 2 (], {H ]
TE A ARG a8 5853 R BUE 5 B & KGQA Tl
) — Rk -

(2) 3050 R PR A5 B, o 38 9 KG iR
Bl R, R R Z K KB X R LR AR
) SCSA . il 2k R 45, (145 RG0 KG {5 BT
Feor 1 E AR 5 A ]2 KGQA T I 1 3 —Hk K

()ELENfRBEE . X T4 KGQA REEN 5 ,
W ARIETE AR, AP AT LR A R R
LTI (1920 i = R N 1 e O S WA IR [
PR TR A 22 1 S YA S K G QA Bt e (14 i B[] ST,

H AT, © A ot FE ik sl J 1 ] 1% 1) 25 14 7 i
Bl AR (B T ] R 5 T 40 R R ) 25 4
BBy v o A R JE P 4 M AS 8] O ik i3 AT ROR
(ZER TR S SCHR [A3]4 X 2016 4F LA AR5 ¥ HEA T
SRR PERE 2 2 M) BB AR AR R B A AT L A ]
iYL Ia A TR | T A AN TR A R | H X
LR T 4R N L R IR 1 T A vk B PR O
FEAHIF Y 5 FALAS AL 20 T AR 2 e SOk
[LATH 5L T 0 2 UG8 7 AR R ER IR N2, Bl 3 T
TR0 B AR 7 1 B o SCHR[15] 19 J7 1% N 25 AR 4 52
S AR A% G 1 SRR T ke ik . SCHR[16]
S i A R B A ) I e e R R
[] 25 A 6 8 W5 Sy vk S B B BB = R AN AR . SOk
[14-16]% A 7EAH R 228 5 —EMNAR R 7 ik s 17



BFE % FFHRSUSmIRE R AR SR

1845

RWOR o ASSCHRANA 4 1 T T TR ) 2 /4 4% 26 05
V5 RSB IEHR, JF A 34 2 i 1) 24 a4 L 23 Sl B
AR T BB AT ROR  BEARHESR I LR 7R

[ FFC TR R P Pl 25 ik |
1

| |
[ EFHMERN % | | EFREEINE |
] [#] [Z] & [# m| (2] [ [3] [
g| |%| || & @ B |1z| |[F| |F| |F
CAREAREARE AL CINIRE IR INE:
AR -ARIAREIRE i |%| |2 2| |2
CARECARLE i CIRGIRLG
or| | & A %\ |%&| |%
CIRCRE
5| |&| |15
x| || | B
CAREIRES
i &

Fig.1 Framework of knowledge graph question
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Fig.2 Timeline of knowledge graph question answering methods
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Fig.11 Dependency parsing tree template
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Fig.12 CYK translation process
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Fig.13 Two forms of utterance-query template
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Fig.14 Transformation process of
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Fig.15 Question answering process of query graph method
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Table 3 Summary of deep learning based methods
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