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Abstract  Large-scale knowledge bases, such as Wikipedia and Wikidata, have been established
and updated for several years. These structured knowledge bases can benefit lots of downstream
tasks about artificial intelligence, including question answering, natural language understanding,
dialog system, and etc. In this artical, we focus on the task of Question Answering over Knowl-
edge Base (KBQA), which is an essential component of Question Answering systems. It requires
the computer to correctly understand the semantics of natural language questions and extract the
answers from the knowledge base. We divide the input questions into simple questions and com-
plex questions according to their complexity. The research challenges and existing methods for
these two kinds of questions are quite different. Simple questions require accurate linking of men-
tioned entity and relation, while complex questions requires more reasoning skills beyond link-
ing. Before introducing the research methods, we first collect all KBQA datasets in recent years
and give a multi-dimensional analysis. From 2011 to now, dozens of KBQA datasets have been
released. Their scale becomes larger and larger and thus enables the training of large-scale neural
networks. These datasets provide a necessary testbed for the development of KBQA methods.
Early research mainly focused on simple questions that involve only a single triple. The common

solution is to first recognize the subject entity and the relation from the input question, then
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match them with the items in knowledge base, and finally capture the answer by querying all tri-
ples. In recent years, with the rapid development of deep learning and representation learning
technology. state-of-the-art methods have achieved near-human performance on SimpleQuestions
benchmark, demonstrating thatsimple questions have been nearly tackled. As a result, the focus
of researchers has gradually shifted from simple questions to complex questions. Complex ques-
tionsrequire complex reasoning skills and are more challenging. They usually contain multiple en-
tities, multiple relations, set operations, attribute comparison, and etc. To answer these ques-
tions, only recognizing the mentioned entities and relations is not enough. Instead, the machine
must understand the logical process of the input question and then conduct an accurate execution.
Existing methods can be roughly divided into semantic parsing based and information retrieval
based. Semantic parsing methods translate the question from natural language to formal form ex-
plicitly, while information retrieval methods infer the answer via implicit neural matching. This
article gives a more fine-grained classification for existing methods based on their detailed techni-
cal roadmap. We introduce the representative models of each category, and compare the
strengths and shortcomingsof different categories carefully. After the analysis of current KBQA
methods, we discuss the future research direction. In the future, we should pay more attention to
the interpretability of complex reasoning models, towards breaking the black-box of neural com-
puting. To achieve this goal, it may be a good direction to combine the neural networks with
symbolic machines. Besides, we can incorporate more knowledge sources, such as textual cor-
pus, images, audios, and etc. By combining these knowledge with structured knowledge base,
we can support a more practical and robust question answering system. We hope that the KBQA
task can serve as a fertile ground to push the boundary of artificial intelligence.
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SELECT ?e WHERE { {
e <name> “Yao Ming” .
}UNION {
7e_1 <name> “Vanessa Laine Bryant” .
7e <spouse> 7e_1. } 7e <height>?v.
} ORDER BY DESC(?v) LIMIT 1

Who is taller, Yao

Ming or the spouse of i:>

Vanessa Laine Bryant?
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Academy Award for Best Picture?
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Choices: My Fair Lady; With a Song in My Heart; The Bicentennial Man; In America; WarGames;
Bernie; The Facis of Life; Hotel Rwanda; The Sunshine Boys; Julius Caesar
Answer:  Jullus Caesar
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i |:>§ mE;\:gh
' ! notable
| [ Canada i country ]
notable i H notable
types E E contained types
i [Saim Lawrence Y Rome J

P 3 il B ) 24 HE 2R 1]

e AR B2, S g Ak 2 ] SC3A] 45 [B) . 91 40, “New York” .,
“The New York City” #1“Big Apple” J& [/ — > 3£
1A, 8% “Big Apple” 5 “What is the population of
New York?” 75545 e JZ 10 B AL BE Sl 0. Ry 1 fifk ke
XA R, SCRRL39 J7E SCHR 38 TRy JLaih 1. % & 1 3
RS A RN o) LT T S22 TG ) A ARLRE . R A SR O
FHTBUYIN 2 1m] )tk o 3 580 5 A0S 44 R ] 8T 45 A BRLIH] 2
(i) £ 18 SRR BE , e ¢ 445 381 3= A0 52 A R (1] 7L ) 1 SC
FRABLEE .

B 1 TE AT T SO 5 SR 5 ) 1 DL
BCRE T ZOh i A — 28 T A I FH 5 A6 1) 25 2R %)
FRAT AR EHE T IR BB R — A Sk 5 )
RN DR HE , 0 5 22 AH 3% 09 OC R 5 1R) 8 1Y 1 S A DG
e, [ Z IRER . 3 2Ty s AR R PR AR S SCk[40 0
SCik[41].

B 1 ) G 4G R 8 B SR HE R AL 5 — 26
53 I T AR A >Fe 45 3] S ok ) 1) 3 A S A4
s SCHRCA0 ) — 28 75 S 3 K D0 5% 1] 2t A5 Al i 47
AT, DAk gk D 158 1) S A A K o DA T A5 21 5 B R
B 8 F2 RS AR — A BAR 6724, 7)1 “ What kind
of music is on bo diddley” % %7 1 5l B9 SC AR 38 K Ry
“on bo diddley”, ¥ Jij i [A] @A A 24 “ What kind of
music is<le>". 17 J7 & 2L, 7] SRR Hz “ What
kind of music is <<e>"# & IF & “What kind of
music is on<Te>", SCAARPE S WIAR 1 Hb 94 4& 1E R bo
diddley”.

IS R 515, D)l rh i 52 44 4 e Ry A i) Ok
Ao F P A SR R SR B Y — 2R T k.
BRCA2JHE T T4 SEAR 24 BRI n-gram WS 3] 52 (A A
S EHER S IR ngram X T IR L PR TE-
IDF {HAE AL, B an, FR R H 5 SEAR e, Sk £ il
F1“Sarah Michelle Gellar”, H: 4 Ft “Sarah Michelle

Gellar” = unigram(“sarah”, “michelle”, “gel-

lar”), W§ > bigram (“sarah michelle”, “michelle
gellar”) fl — 4~ trigram, Rl 324K 4 FR A & (“ Sarah
Michelle Gellar”). unigram “sarah” 1 bigram “ mi-
chelle gellar” i & 51 535N
Iy ("sarah")=
node :e; »
{score : TF-1DF ("sarah , sarah michelle gellar") }

L iicy ("michelle gellar" )=

J node :e; ,
score; TF-1IDF ("michelle gellar, »
sarah michelle gellar")

ST — AN sk e; “Sarah Jessica Parker”, 1

24 sarah”# ALK 5]
Iy ("sarah")=
node :e; s

{score : TE-IDF ("sarah , sarah jessica parker") }

TERSL B HER 515 S 5t T LAE 6 R 92 4 e
(4 n-gram R 15 B 380 52 MR, B Ak U, X T Sk
e, MUAE R INRGE XA L e H n-gram(n € (3,2,
1)), A n-gram 15 B K R 45 B o5 R 8 4E. 52
50 E B 33X o 07 12 m] DA 284 T S A i ROR

SCHRL43JANSCHR[ 44 TFE 1T Freebase APT Sl
ol T 850 v 8 S AR 48 R I i 4 81 R TR o i SR, X
BT R N 5 22 A A T Bk R S A S 2 A RS
A, SCHR 45 J7E AR &0 9 Bk 52 1K A Bl 1, E— 204 52
KB M A S FE b Ew T FEER.
4.2.2 HARILECL

R T Se A B R R S A K R SR AR 4R K
HEAT SR BE R AN L 5y — 28 07 1 02 B ) T ) 78 DL g
JHTRUPE Hh i 32 RS

X 2T ik O R A AT ER DRI R
[a] #1 op T A 0] BE Y n-gram R % & HE B 52
I AR TAEA SCHR[20,46,47 .
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PASCHRL47 12441, Lukovnikov 25 A H 7] 2
n-gram(n€ [ 1, L] RA R A LM, IR T U4
FO . (O R — DN n-gram @5 T —PEK
B n-gram . H J5 2 0 DLAE #2108 22 i) 5t A 52
P R ) n-gram B 4% 555 (2) WHR — A 524K Y
ZRAT L SE A VL FL A n-gram , W3 A SE 4O AE Ky
F RS AR BB 5 (3D AR X TR n-gram . NFETE
HHERVCE A SR, W £ 5 H g2 h 1
SR Sy S AR B A 2R 5 (4) IR X TS n-
gram A 2SR5 FHUCEC, W) DL SR 7E 0 Y
EH AT A SRy M A X S A R AT U . A SRl | L SR
20 Xof i 1 2 0 SR AT HE L O ) T O AR S0
S5 RNt RS AR HEA T 5 s BRI A5 Y 5 s TR
TS AR Bt S 81 ] — A o) 5 5 ) OB ) AR
SR AL JEE Sk oA 4 = RS A4 R AT HE L T R FA 3R]
) A 1] 48 A0 BR A 22 ) 2% (Gated Recurrent Unit,
GRU) Zi i 5 54K 3% 75 W) 25 B S AR AR B 19 24 PR A5 B
FITE U i 2800 45 5L H 4 PR A 8 R0 300045 5
390 H S A 250 0B R 1 1 I B B 28 ) 4% (Re-
current Neural Network, RNN) 2555 , 7§ 3 PF £ 15
B SRR R A — 20 X [A) 8RR 1) ¢ R E AT T
I 2ok 084wt AS BEAE Ry G 2R 3Kk T2 AA 11 i i S A

TE 3 b — 2677 g b, SCHR (48 ] B 4% o JR v
) = Je L T B HEER 51, DA IR] R A 9 ok A R A O
OG5 SCHRLA9 T [R]85 21 TR PR v 9 S AR ik S5 3
(7] — A [ i 25 () o ) ) 4% 52 A ABL 2 1 35 ] 880 R 12 4K
(Y AFALL BE , 75 43 Fi e 1 S A B Sy S RS AR s SCR[50 ]
F TSR J2 R 26 B S SE AR R % 19 6 R AR
S TG T FUR S A 1 R LR Sk 1R 31 3 R S 4.

INGE T ] B A% 0 2 AR TR A TR v
B FBUSAR , =0 5 AT DA Ay SRy S AR B R N L
VTR IR 28, SEAREE B2 vL TR BT 25, 43 ol 2 S A
THU) R S A B 42 L T B2 ) WA R RO B 2 i A
AR B W5 5 77 A A 15 A% 36 1) [R) R 42 DG e AR
i 20 B VT AC A by 52 3 5] 200 v R 75 (1 52 o I
FRAAR. SCHRL38 IR SCHR[42 1 S50 F2 B, S A4 4 5
B A B fE.

4.3 ER=THEE

% = U HE R BN I gk £F 5 [R] RUAR DC T
M = Ted AR A NER. AT EREE =T
2 WS DG FR A1 SRS SCULTC P A BB 1 L 4
T TR il R O kL O R 4 2 B IR () R 5K 1Y
KEREN r A5G FEESE DR FBEAK L,
WRELR N b KRR r =R E N E R =TT

A, T8 SCVCTC R [ 20N i 16 — JT 20 W Sk 3 [/] — 4>
25 (] Jg 55 In) RN e i — Jo 24 A9 O SR L L 3k £
AT 200 e SO L di vy A = T 2HAE 2% 28 = JT .
4.3.1 RAREDIE

KRR G5 58 R RS H W 1)l iy %
KR X B 4 E I R RS — 2
ZBARE TP RIRER A R, KR RENMAE
PEIF A SCHR (42, 51-53 ] A% 0 B 2l FH 40 26 A
2 W 2% LR 22 B 4% (Convolutional Neural Net-
work , CNIN) & 6 £ 25 44) Xof [1a) 50 47 4 5t 45 2 1] 12
PR 5 HEX B AT 432K

SR ARG TV S A Ay T (BT I A R A5
QDY 2 NS N AVE ST 0 L e B W U N ]
KRESFE B R EAE; (2O MR R A
SEOHT Y S AR 0 OC R 2 B 2 R L TG AR 2K
TR RRAE G W ERN, TEAHECH X
F AR T IR G p A AU TR0 E B A0 G AR
4.3.2 i XLk

T SCVC BE v A BEAS S8 g S T 58 ] R e & — T
2H T SCRARLRE L X 8 — o4 AT HEY » S B AH
J B v B AE R 28 R ke AU Rt A b, SR TR T4
J 1 B A R AL

ER=ZTARE KB N E
A BB ) RN A6 3k = T 4 1 3 SCARLEE
RFVETT 2 3CHR[48,54]. Bordes 4 A" fc 1A
LT 1) ) Ak Y 2R 2 2T HOR O TR] R BT AT A 1] (1]
LR AR AT 3 [ 25 ) o) 7S o A 1 =TT 2H Y SE A
G FR T AR I A5 B = JR4L Y 1] 5 7R, Gupta 5 A
KH T ZJu 2R A B A 2 W 2% (Triplet-
SiameseHybrid Convolutional Neural Network, TSH-
CNIND , A5 ity Hi o] A 2 = ST 4 (R R AIE.

EE=THPHELHE AR TE=JTHIEN
AR BEH DL AR RO SR i e = e A v i R SR A
RGP AE G8 AR X e 28 AR SR AR AT HE Sy AR A
J7EATSCHRL43, 44,46 ].

& 4 ff s K Bordes %8 AN 42 1 B9 Subgraph
BRI LR 1 Mo e 25 58 SEAR 10 2 P A B Ok AR
R HE P AR S A4 L5 8 2 ARA B (95 2, () fi ik
PSRN AR B BN R S A B e e S A 1) — Bk
BUE I OC R PEAR s (O MRIEZ M B F SCfF AL B
M 257 58 L AHE A AR FOC AR

Dong % N e SCHk[46 119 36l B X BIA T %
RAARMERGE R I BB R RER, BT
AR EMERER B =AW &SR E
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r | How the candidate answer
Score S(g,a) fits the question
(T 1 )
Enbetdingof e | I (@) I [
question 1) - - L
Dot product
I Embedding matrix W I _ I Embedding matrix W |
T T I T 1 I 1 | Dl cneodger
the question ®(y) — the subgraph y (a)

“Who did Clooney marry in 1987 7"

Detection of Freebase
entity in the question

Subgraph of a candidate
answer a (here K. Preston)

J

Bl 4  Subgraph™® 5 7 £ 42 7% {3

Do 28 Zht B A 1) = A AN [R] B 0] 8 3R 7 L 43 il 5 B 2R
=RE B SOMARLUEE | 55 )8 5 2% S 11 X
AEARLE S 3 = Folokf B2 =2 il

Hao %5 A" 84T R U5 i A0 S2 1A B B
SEARAS B )15 B (answer entity) s % & 15 & (answer
relation) , 28 {F§ B (answer type) Ml EF X5 &
(answer context). 5 CHk[ 44,46 AT B2 LA TIA
N [ — A Ta] ) 2 78 7 O T S8 1A A (W) J7 1T IR 17 A5
JITANTR] s AN Ta] 14 ) A S5 A 1 1 A 5 T AL 2% A S [F)
F8 o)

L) 8] B8 “ where is the carpathian mountain
range located?” Flfig 1 2 %2 “ Slovakia” A #il. WA 5
F7RN 24 K v SR AR B “Slovakia” B, % 7] £5 A9 ] &
S5 “carpathian”; T 24 % [E 52 {& 25 A “/location/
country” i, “where” Mg X HiA]. X T — L& ] @, AJ
REE IRA RN C R KA I N E 2 M X T 57 — 2L ]
RO, SRS T S i R R AE. R T TR A ) L
ABATHR 7 Ta) REURN 24 205 B A B = AL AL
A& SR B In) R T R ) AN R B 2 R T . B K
g LB g R HIRFA) {w, s w, s sw, | HH 0
e R B R E RN (e e, e, ve ) o 20T
PLEAS KRG RRBFEEM ETXFER. %
IEBERER e, € {eose, veve ) WL RIRRR N

n
q;. — z :aijwj s
i=1

a; =exp(w, )/Eexp(wik )
k=1

w :f(WT w;5e;]+b).
Horp, w, Fle, 2000k Buia] F 245 2645 B0 ) i R

Wb SRR T ISR, £ o) SR AR R L
[0 g FIEZRAT R o) HUIE SCAHALEE Ky
S(q.e;) =cosine(q;.e;) .
J5E A g AV IR 5 a (8 SO

S(gra) = >,  B.S(gse),

e. €le e
i e

B =explw,)/ 2

ey e, ve e, ve )
w, =f W' [gie,]+b)
1 <&
q :;ZWJ-.
% 18 = On L PR S IR 5 R 5 — 207 i ot
A TV A5 0 0 = RS A 1 AU LA B T A5 g 2 5%
AL 3 4 A 15 2 RS A 1 = S A AR
ARLBE G AP A i 5 2 308 5 O T A 5k 1 T A S AR AR
AR AR AGRIE DT A SCR(47.49.55

L e,

exp (cu[,k ),

where s the carpathian mountain range located
answer entity
anstwer type —
answer relation|
answer omtex . e

5 CrossATTU A B vh Sz A £ B0 18] J50 A T 78 77 7 151

Lukovnikov 25 A7 5% Fl 6 A~ A 7] 2 %59 16 38
P25 I 2% 433 2 21 5 32 RS AR R OC ZR A R 1 ) %
7N R T T RS A AR R AT GO A B A 42
D] £ K 4 i S AR 19 A 28 A5 I8, FH 3] 831 1 i A i 5
o 28 e 4 i S AR 1 2 IR S, T B A B R A 1)
SEAR RN Tn) 8 TR R 1B 3 S AR 3R OR 1Y 4R K BE
5 B0 A ) R o i SR (Y T SCARARLEE . 26Dl
JFH ) G5 ) B A0 B A 25 1) 2465 2 i G 28 A 2 1 B 8 G
RIYRIR RTT R 5 56 R W18 SCAARLBE.

Huang % A5 0102 Hh i 92 44 F G 2 we S5
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) [a] — A 1) £ 25 () v, I F0000 ) A 3K A 23 ) oY
SOCHFR . G2 A AR Rk = ok R A E
JUA. ARk UL, X T RERE G th i =t (ki
t) He =~ fle, p) HH e, e Fp, m5liEk
St R CRIMR c MR L BmEEMR. £ Bk
SO FR B R SR I B OC R A TR SRR 24 2
BRI TransE"" i, e, >~ e, +p, . W 6 FiR, 76K
R AR g K B 3 OC R ) 6 A )
L AR g SR ER p,os RRE R Y
FAFRN N g BISER RN e, . SRR TN H AY 56 AR
FIRMLEEKRICA e, ~ f(e,.p,) ™, NiMi15 2|
(M} =JCH RN (e, pore,) . HJa TERIE S
H @uopre) BERIIMN = THAMEZRE =

JLA.

He F1 Golub™™ W 2 1 T 4 i fi#t 4 ( Encoder-
Decoder) HEHE , W& 7 fr7 , R FH 5L T 74 ) 2 A9 <
BT I8 12 P 4% (Long-Short Term Memory Net-
worlk, LSTM) X [l B BEAT 4 % . 5k 2 THEE N
PLA 9 LSTM BEAT A A% . 4K U A= i 32 52 1A G
F AR BT RS AN AR SR R T A ] 0
TR 28 D) 246 F 1R P e %) SIEAAC E A7 4 B, JF 38 3o 3
A [ 0 o o) k5 5 A 1) ) A% 5KORE RLBE 8 R AR A
J3E B e 1) SEARAE Sy 2 B T2 RS AL A AR OGRS
AT — 25 AR B S AR S fife i 0 00 A A5 3R Y
(1) 790 g o) gt [ ARE T 5 () R0 I o 5 4 326 OC R A0 1
SCARALEE .

frg_u_:_licsll\te_s_: ] Question:
 IERRNNER g i i i i
3 TITTTHSN Which Olympics was in Australia? Predicted Fact: —N\. Answer:
. pJINNENEE ¥ : (8n, Pr.8) v Find Closest
Predicate Embedding Space Predicate Factin g
Entties: Learuing
c.%. HEED Tail Entity:
' - Head Entity | &= f(@nB1)
Knowledge Graph G : il —y = EEEE Learning
& AN Entity Embedding Space
B 6 Huang % A\ 3T 68 2 3 B MR 7] 25455 1
Q: Where was Barack Obama born? ho
— Obama 0.18
Barack Obama 0.60
) . A
P Vess :
¥ =
e | . N~ h ﬁo— ——— Ventity
i | A\ »* . e . S
A= .. .. S, people/.../spouse 0.2 ‘CNNE A CNNE ‘CNNE
T Entity attentionsf.___ mplef..i..hil’ﬂlﬂ.ﬁ Obama BarackObama
- Y VBarack obama| ™
P
. . ~_ | h, 1.4\_ ___Vpredicate
2 > p -
o} A S = (]
USSR S W— ACNN, 4 CNN, ACNN,
Predicate attentions people/./spouse Peoplel./pla
h ce_of_birth
v 3
=
<fs>

b) KB query decoder

a) Question encoder
(character-level LSTM)

B 7

FE B ) 5 00 25 O R I T SOAH LS e B T
U 1) A S i A s g — Tl 1 e 4B i) A AR A Ry
i A T SRS 2 3 Ao AT [ R Y S AR B R R
FROR £ 5 “<<e>7 19 B 1Y 0] @ A2 JE. ] 4o, ) 3
“What body of water does St. Lawrence flow into”
f S AR $2 K g St Lawrence”, ) i) 2 452 Az Sy
“What body of water does <<e>> flow into”; “What
body of water does Yellow River flow into” [ SZ {4
$& ) R “ Yello River”, H (] 845 Az [7] £y “ What
body of water does <(e>> flow into”. b4 J5[n] 25 Al

(LSTM with an attention mechanism)

He Fll Golub™*"” f) 4 fith 7 i 452 71 /1% 451

c) Entity & Predicate encoder
(character-level CNNs)

5] RS AR o 5 o 22 W S RS A, e 8 T A o b R B [
YRR AR T TR RILA. XK kR T
YE# SCHk[38,40,57—59].

SCHRL 38 It ] 2 T 54 [ i 114 45 AR 22 M 45511
A ] R 35 SIS 1) 1 SCREARLE , ) st ) 35 T 1)
i) 5t 1) A5 BR824 14 ) UASE Al 5 1 328 OC 3R 22 1)
) AFARL B . 32 A5 T8 A X () RS AR iAE 77 6 AR E S L R
T HETEZE R s KA, BEEmMEES
i 36 OC F2 — S [n) O B 1]

Yu % NS H 5 22 %% ) (Residual Learning)
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Hl

2 4R 2023 4F

BATE 1) 2 IR 8 2 #4245 (Hierarchical Recurrent
Neural Network) X ] AR A Fl i 3% O¢ & #47 DL IC
IF H G Z2 B 4 RN 0] 5 81 R A J2 G0 6 R AT 4
5. A 8 fr /s, “starring roles series” 7E 3¢ £ 3
JZH A S P R “tv. tv_actor. starring_roles”
F1”tv. regular_tv_appearance. series”, £ 18] J§* 41 |2
i K “starring” , “roles” Ml “series” 2H B, AY) B2 1) 7 1)
KRBIRZH M IS R T 2% 2 RN EIRE R,
1) 7 0 22 G 1) i B AT ] T i R R R SR G &R CRIVAE U
A B R AE DI R b LR OGO

on in 2008

Word
Level

Relation
Level ]

tvregular_tv_
oppeaTance, series

8 B R X R R 7

SCHIRL40 138 T 4%F 16 dt ) 47 B ot 22 ) 46 % [ Al
H A S A R R A e RS A AT G B L T O
SCRBLEE 3 %8 T 16 5 2 5 45 SCHRLS7 TR AL A R0 A
LA A B BEAT S A L A A5 5 R AR — AR ],
SRR A RN Bim] Jy 3. 53 4h AR A 25 1 1 IR
J2E R G AR T 3 Sk SR A S,

FEFLARBER b, Yu 55 NP9 AE D OC R D A, %
JE T R v O R % LR S AR 9 2R B A B 5 Zhang
A N RS T TR RS S AL Y D46 P A 2 I 4 ok
THRR SCRMRLEE | fdf T A BR e 22 0 28 ) 3 H 3 7 49 )=
TET P9 AR BLRE S I 368 ok DAy 1) i 8 A HIE Bl B X e DI
7 3 R A R ) B R

NS B 5 = U R R AT O AR o M SCUE
PIETT . 5 2R S0 AE IR U B E R dE 4
RIBLF AE I L RE PO [ 5E 1) 5 R AL . Toik Ak 3
B B 5 A A S B T R A A2 B T SCDE i
8 3 T 1] R e e =TT A R T SRR UL AT Tk
TR AR LA 2 FfAS () B 5 B0 8L g%, o el AR B
U B A SRR Z Ll I R AR R B B
FE T AR E B AR X R TT Ik L.

4.4 TEEEZRPE
o401 EERALRE R

TE B L 5 A 58 = JU 20 3 $5 1 IR HL I
Bl — 2 W ROR 2 W R 82 i Je — 25 O 3R B AR 1
BB B 25 R B R 2 R = ool W R = oo

PEPEAN AT RE L) s M 40 2R F RIS FR 25 RE & K2
B EITTH VAN TUAR A B M S 5 8 8 = u i ik
PR ok M TSI () T 554

BT X PP IR AL (Error Propogation) [i)
AU SCHR(40,60, 61148 Y T A A i ke 5 58 Herh
SCHRC40 B3t Ja e N, 3 ok G2 115 B R A R =
118 5] RTARE AR o 3 T[] AR AR AR 7 114 552 A 42 K stk
AHEIE. SCERC60 48 Hh 1 A vk A HL I, B e i 41 ¢
RAFRAF BT A RIS, 15 3 5] B 4l 5 8o, AL
SR SR M O R R A T LAAS B de e 1 [ il 42
R, WA 9 Fros, &£M & & “activism. activist.
area_of activism” 158 3| 1Y [o] 3 fh 22 F /8 “ what area
of activisim did activist fight for” Ht £l 3¢ & “peo-
ple. person. profession” 5 F| i ) f 4l 4 F£ /8 “ What
profession did person fight for” 2R H in&E & B 4K,
K, BN R, AL & 56 &R “activism. activist. area
of_activism”BJ = JCH A nl BB B L = o 4. SCHk
[61 176 BUAT [m) 220 42 9 LAk 1, i AT B0 362 % 1303
O FR Y AT REVE AT VT A A 56 ) 6 e AIL 1, B i
e 2= w IEH0 M 432585,

What did Mary Wollstonecraft fight for ?

..-| MaryWollstonecraft |.

J—‘—'.
| people.person.profession |

- r .
|activism.activist.area_of_activism)

{_what area o activism did activist ight or

Refinement Candidate

{ what profession did person fight for

Predicted Candidate

Ko i A o il

4,042 RABRSEIRFNOC R )

{7 B (7] 225 119 g — 1> Pk IR oA 5 S SR G & (1)
R, B S B o FH o e o X DL Ak BRI St B o AT
3 B B SRR OC FR . HL i e JEL B R A R (DA B
IR SR TN OC R [ it , 40 1 TR 3R 7R 2 2 B SR AN
K Z2 WS B[R] — A [ £ 28 (), A5 3 B 52 R OC & )
RIS T AR ER R L =0 R R, A 8T
P AR AE MR A T OO B SR B e R LR T
YEA SCHR[43.55 05 (2) XS24k 8 3¢ & R B 36 T 4%
[ d5t Bl 1) [1] S5 1) SCAS G A 2, XS AR 24 FR B OC R A
RHEAT S i 78 53 F T H 44 FR A5 2 AR AR A S
BR47.49]5 O EZ R = U e £t R L T HEP
M E CICRLE: AR5 8 RREA K AL
P TAEH CHR[38,58,59 ]4%.

4.5 o

=A

1 B ) 25 19 — FBCRE B R 1 SR AT T R R R

I
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HEAT ZE vk H. 1 R A SC R B 4 RN B4
DG 9 288 Ty ik o G v S A 0 ok ) YA R A L (LR
A A B B T B 4 DG TC 1 U A B, HE R R AR
AR AB AN TG 2 S A 5 K i A 1 B %5 ) 7E 52 B b Al
LR = IJUH A KRR LR PR T7
B HPXRARSREILKRE RGN THRERRES
(14 B 0  TIC 3 Ah R R OC R L T DR R i
1) 35 P O B 2 T 15 22, S IS B LU B 2 A, T L
LR HIEZFME B ] DAk B R B SR A S AR RN G
FRLEAEEZ BT B Z.

T B [ 2% 1) X B A o A A ) A ) S 44 A
KFR. A AR R FE 27 2D 1Y R s SEAR U S AT 55
WG T BRI, ] B R) 28k B T R AR SR
)14 fiE.

F 2 Ay TR B 2 AR R T AW
B4 £ SimpleQuestions | FY 5E B 45 . Petro-
chuket 25 A" 42 11, SimpleQuestions $# 4 H T
1B SCAE )T, A % R 83,4 %0, A AT 4R 1 1Y
— Bl AT 29 2 T BILSTM 4% 1 B WL 3 1 3 2% Oy
WEFETT LK ] 78. 1% 1Y fE B0 K. Zhao S AW HE
M7 R 5 T 85. 4 Vo I UERR 3, © 43k B £L 2 ot
T KM EI. Ture Fl Jojic™™ #2H  RNN-QA 7
SimpleQuestions ik 3| 88. 3% , /& H i #i # K &
e AR 2 —.

®2 HRAOEAREFEHIBRERE

SimpleQuestions

(Accuracy)
Golub et al, [ 70.9%
Lukovnikov et al. 7 71.3%
BiGRU! 74.9%
KEQAP 75.4%
CFOM 75.7%
AMPCNNE 76. 4%
BiLSTM-CRF* 78.1%
Hier-Res-BiLSTM ©7 78.7%
PatternRevising 1" 80.2%
Chung et al. (393 85.4%
RNN-QAM? 88.3%

5 EFEERHEIERZHARAR

5.1 # &

ST b T L £ R o B 2R R A g
3 WG E INASTR] B M R B T 22 b A [6] 1) e ke
Jr k. ©A I BT X 0 TE A i B ) 27 A BIF O 7 ik
G AR SN2

(DA W 38 U AT . 12RO SCAIE
F18) Te] L figp A g 25 R AL T 20, SRR O 2 4R X (logi-
cal form) , 8K J5 {ff FH R0 000 58 51 35 45 9 2% 2. 78 AR
JA [ 2 B A W 9 22 8 5000 SPARQL i 4.
IR T5 1k 32 O T ey ) P AR T B0HE O 2 > IS %
[1] A 38) 322 8 2 A i) RS A 2 5

(2) 55 W B AR SURR AT 125 2R D7 TR T X 2 BB
bR T B 5 X LA SRR [ 80, (AR 41 7] 750 5 25 28 ok
Y AT A A TR M B R R T G
TE T 48 225 B0 22 580 2, DT S fige AT 4 4 1 2
AMES. TR RS R E R KT EE RS A
i8] BAL 1) 28 T 2, O 3 3 08 vk 2 o A Oy S B2t )
FuR 3 85 @

(D RFRPEAR . KT L TTE X 2 B ) &,
BRIV R) R P K B — A SEAR T2 A KR L A Where
was the father of Sylvia Brett’s other half born”.
D7 VR T R SR B ) rp ) RS AR RN
RS AR R TN 56 3R A L VT A I AR R B A AR A

(O BEEIC I M 4 %2R T5 15 02 0 e A2 0 28 1Y 2
HE G IR A U b i = Je 2l kA
U7 7] B2 B0 332 ORI O EAT HE B

(5) 7] S PR ARE. %287 1 JHANH [] 5 7R LA
G IR e 18 2 7m SLIR R B 1T R E R R INFL RS
DA 50 07 RN R B I AS JF S5 A

(6) Pl 228 0 45 . 12 28 07 V6 A 0 TR i 22 I 2%, 2%
AR S A )RR ALE 1) 4 il PR T L B K R AT
e,

110 28 M T 60 TR e B ) 285 4% 288 O vk I HE 42
PR ). THDRE 23 %68 3 26 07 5k 347 T 40 19 4 20 70 53
Bt I X B 7 v AR RIS SCHEAT B IA
5.2 AHEEBRIEXERE

Py VR I RN AR T i) 28 ok Rk 2 )
Ty e 5] R A 235 44 1) SCAS TR 2 A S 45 4 Ak 1) 32
B R R A T RO Y A SRS T ) R X
M as LR, W B2 P U3 SQL. SPAR-
QL.lambda-calculus.Prolog %.

SR O R N T A B R TR R
D) A AR R AR TR A O 2Ok i A A AT A X g
J7 iR AR BB BT X R I R Ry R E L B =
CIE/ES

Bl TR B 27 2T % R, kT b 48 T 455 1 5
Wrm AT R AR 2 H AR E T AL AT 55 U R
JE AL B s 0 4 ok o W O B i
SCA AT AT 55 .
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| A B /55 B IR ST IR \ Knowledge

SELECT e WHERE {
e <instance_of> ?c. .
7 <names "feature film" . Query engine
Wallace & Gromit: The
Curse of the Were-Rabbit

?e <publication_date> ? pv_1.
?pv_1 cyear> v_1.

Among the feature films with  Semantic parser
FILTER { 7v_1>2003 } .
?e <duration> ?v .

a publication date after 2003, :
} ORDER BY ?v LIMIT 1

which one has the smallest
duration?

i %%%%E Charles Anthoni ﬁ‘l—%%’fé%ﬁ

Sylvia Brett Johnson Brooke

i Where was the father ! i St Ertt spouse father birthplace Burnham
i of Sylvia Brett’s other ‘:> i yivia Bre -on-Sea
! half born? Charles Vyner Burnham- 1 4
! Brooke onSea | |
} | ‘= #$ 0 $ ;
! b &
| = v X
I | B ILIZ ML memory B PP L W 2%
]
; Key keys values Value
Addressing | | ] ] | Reading P Feature
4, [ ] [ 1 +1 |1 Updating T 2 Aggregate
[ ] ] Piq P A answer
[ | ] $

5.2.1 R

Dong % A" 1 U H 08 FH o 28 4 00 i 65 28 o
Qb T SURRATAE 55 AT B 11 T PR LAY, 43 G2 P
5| B 7 51 #  (sequence-to-sequence , SEQ2SEQ) F
77 4 B 7 #L B (sequence-to-tree, SEQ2TREE) , L
B [a] B8N SCASTE 2R B S Prolog ., lambda-calculus
E PRSI F ISR RS Y N (B SE L (W D
TEBEIE AWM. 2 ¢ =2, .02, TR
BANBISCRFEA, a =y, 00y RRZHIEA W
TS 80 1) AR A 2 de R AL 1 T A

la
[)(a ‘q):]i[p(yt |y<:mq)-
t=1

£ SEQ2SEQ # b  MEE 25 L 1)
LSTM" B N 4 1 %%, B i) 42 i 3 A X Bl =
LSTM(h!_,h'™") , Hih LSTM 4§ LSTM & 4,
Y SR A BR] ) 3] ) oL AR R O TR [ 4 A 1
Z 2 LSTM, 5.2 50 5 4 it %% # 1 0k 57 2 19 4% I
J& — 2 B Be ) B AR by i R 5 55— 2D B B ) & L (5
RS 28 T — 2 W B Ry TN Y M L RD
p(y, | yo,+q) =softmax (WhT) . iZ R Bs 2
H 2 5IE BN SO, Z 0 T H A5 M FRAE.

SEQ2TREE ##1% j& 1 # #5820 1Y 25 W) FR1E
B BIE AE W 25 0 e AT g . 1 11 %
AL ABCC) 2 H pr s B i i 7 ], o 465 9 B9 N
FO R LABENEFW, ¢ B ¢, s IdmS 025 98, i
B <<n>MREF AR S S8 20y, 3

<(>

SEQ2TREE"™ 45 %1 i i i 27 141

B 11

v, B SE IR 2 B R <<n> B 7E (9 A B 2k AR HE AT
TS AR E] v, Iy, <<s>FI<</s>1E Rt
() FE IR A5 RN 25 AT 5 i A AR filE ) ] — > M i 2
HEAT 46 J2 00 f A, 8 SCHE DU A B 4 kAT T SR
f14% T Prolog, lambda-calculus & £ # 2 |/ =,
SEQ2TREE ##Y 1) ¥k 58 ¥ W 2 #b I8 T SEQ2SEQ
BOR R W) T 25k A% B 09 B .
5.2.2 ZW B

M T 2L E Atk B2 N CARTE
232 588 300 e S 2 B IR ME 1Y L BT DL — SE B oY
% RIS FRBTIR A3 24 B B, AT B AR AT 55 1R M 2
P e R T 0 O

Dong 25 N5V 45 H — Rl kLURE B 31 41Kz i (Coarse-
to-fine) (W fif A7 J7 5 44 o SR BT % 43 W6 A B B
o — B B AR UOMURL S 1 B 4, B AR rh g T SRR
e RN E SO NENEE S W =D S N
[F) AR A 8 - SR SRy Hi N o D SCAR v i B R
M5 B TR B R kb e . B/ 12 gy il 7 =4
AN TR A B50H 4 1 Tl ) SCATE 5K R 5L B



3 A5 bR A  JRRUEE ) 25 R S e R 525

X 0T IR 2 308 X se B i 2 | X
BT B E R A 2 RARUAEA, y FoR
BHRIL I, a R i B AR F R A 1952 2] B
p Lo IR py o) =p Gy [asa)plafa)
SR AT A AN [R] H 2 18 ik B 25 A6 280 73 1) 1 A 2
AL i T UIZREE AL SO FZ B8 3, B AR 2
TE SCEGH RN Rt 32 B8 20 A 0 4 I 42, DA T 45 31
eI R AE o

gk | st #F

& | which state has the most rivers running through it?

GEO 48 | (argmax 50 (state:t $0) (count $1 (and (river:t $1) (loc:t $1 50))))
B | (argmax#l state:t@1 (count#l (and river:t@1 loc:t@2 ) ) )

Sr A | all flights from dallas before 10am

(lambda $0 e (and (flight $0) (from $0 dallas:ci) (< (departure time 50)
1000:ti)))

B | (lambda#2 (and flight@1 from@2 (< departure time@17)))

ik if length of bits is lesser than integer 3 or second element of bits is
not equal to string ‘as’,

FEiit | if len|bits) < 3 or bits[1] |="as":
248 | if len ( NAME } < NUMBER or NAME [ NUMBER ] I= STRING :

ATIS Ei§

DIANGO

B 12 Coarse-to-fine "% [y B 20 1E 47 71 5]

AW . Zhang %5 N0 f 1 SR AT AT 45 R 40
SABYEL S — B BRSO B In) By A o TS T
[5) R , 5% — By B[] AU HR A T L 5 B B 5 18
B B 4B R IE 2. 1% 0y 738 i R) A3 i, T DA
D b A 35T 2 () JB

Sun 45 N PR DA A IR Sk 1) R R oA
HE SCHE SO 2 AR A i 2845 A R R e
O A ) S P 3 T rp ) o S R i A 3 AR
JE v e S O A B A i 2R A R T EA T AT A3 AR

Ding % AN 0042 51132 I 20 b 40 5 — 28
BT 45 #J (substructure) , $& H 5 F0 ) 25 44 - 45
1 PR -S540 G R 15 B 52 2% 1 A 1 8], B J5 X £ )
P 0 AT B 1 AN HE . i 0 vk 5 SRS I SR R 2R L
BRI 5 2k (B) L3 i Ay TR B TR) L, AN /) 2Z A 7R T
T3 ¥ HAE T B 18] R 45 00 A 3R, A b A T
S5t 1E .

5.2.3 HHT

SCHR[ 72,7355 TAE F 25X 2 A i 32 48
B X HEAT T 43, &0k 5 HE P DL A 3] 5 A7 09 45 2R
Shao % A" 1 % 2{fi | SEQ2SEQ # %! # beam-
search 14 2l WMt F e Koyng 5 4R P, H
88. 76 Y6 (1 L A B H bR aZ 4R 15 ) H Q0 2R H ROHE R
BRI 1 AR N HA 75, 3% 89 645 2] B br
WA T LA L EE X beamsearch 15 21 (1925 T BE 45
AT EHET DR 15 B IE A 2 ) IR, 3
BRL73 M8 JH 2 2 Transformer ™ 45 kg % 2 45 8 042

BURHIE , OF 3 — 20 2% 08 T @ BB X B9 45 0 (L AR 1E AR
R 45 4 v 5 0 3 4 OC R N AR R A B L AR
Transformer H 7F & HHLH| A IHETS (mask).

5.2.4  HAtbIrwk

SCHER 75 142 1 — Fh 3% £L %% 2J (continuous
learning) IYHEZE , 75 R ¢ 45 ) 32 B 9E X 1% ) 28 00
J& o NFEXS T0I BE A7 5 IE R G AR NS B At AR
SR A 0 32 AR 2 O PR MY SRR, DLk S FEU
KL R,

SCHRL76 ]G 1 fifp B i 2 A (] @30 1] ) 3 A% 2 A
PR & 22 A0 I =[] — > A A i 8 A A 1 IS
B T 0] R ARR AR A1 K S50 Sl AR T A4 S i A

INGE SN IR) U B Sy 32 B OE 2 1R 2 R R
AW 5, Mt 7 B B il i B L 2 4P
AP BRI N R LU oy X R R AT FE L. A
B BT S BT R T H Y 22 R R 2 R A L H
J2 it R B I 2 BHiE AR O S 2 B AR B bR
T MEBE AR i AR b
5.3 B[EERIEXBEITE

BRI A AR T B = AR R B SRy, i DL — sk
WF5E 3 25 BEAUMKSE 0] B85 25 980k 27 > ] R 1) 32
2Ty B A TR F 78 n g i 4 12 4
WX B MR 2548 58 SC— St B B AR AR R 5 8
AT ORI N R G A R AT T S 5 3% . AT — 285
A TR A B pR R, A A eR BB BT — A TR ER Y
TIRE A 52 J ) gt A Sl BREC A& oh Tk = B
AU R Bl  BIr DA 5 AR B R sk 2~ 45 07 5C
AT & 5 T A0 A8k 248 RS B — e ik 1Y
BHRIE A, SR 5 R AR IR 26 RE 45 3 1E B 27 52 10 fi 1k
MR, B B IE B 5 S e i) 8 R 2 ] A2 15 1
o3 BRI LAAZ 2R 07 vk {480 Ry 1 B 1) 32 0 50
I L (0P 3 125 24 o S5 5 1 R B AL
5.3.1 [ AT A £ if) 14

A 1) (&1 2 — i [ 25 0 1Y 22 B 2 i SR i
20 AN SR SR O VA M 7 NN S 4 I S U B 1 N B 1
WRZIH KR,

STAGGH B J— > 22 Yl 1 3 T 55 7% (19 25 if1)
PRI i B B i SR A ) D 3040 15« — 4> R s
1A (topicentity) ; — 4> H AR 28 £ 545 5, X R & 585 —
4% O HEPLEE (coreinferentialchain) , & M 72 75 52 4K
F HARER N — SRR ZEE B DESIEES
A ) AR g AR T R L SR 2D,
ZYRIy R IR ARG SR 13 Al T
— A, Forp FamilyGuy /8 SR, x Fow



526 it (=

Hl

2 4R 2023 4F

HirZ s, y ZaP Az, FamilyGuy—> y > x %
NGO HERSE, y >argmin Al y —>MegGriffin /R
P20 BRE Ty B9 62 MegGriffin H y BB
(1] 2 f B 1.

S —

Meg Griffin ) |
e i | e, (ad‘e‘
topic entity | °t_>.;m @ core inferentia

B 13 STAGG U th &t %} [a] B “ Who first voiced Meg on
Family Guy?” /)25 if] [ 45 #4)

STAGG Wiz i B 1) A it A8 Sk By B X
PR ERE. 4 S =U (0.S,.S,.S,.} £k
BEEA P 0 RREE, S, #aRUA EB KL
B, S, 7£S, MELAh E#hsE TAZ O HEBRSE, S, N FE
S, MEERE - Rh 3R T 29 A, XF N 58 HE Y Al AL A
A=U{A, A, A A JFRICRES IR ST Bl
WS sk, A, RoRnE P MK, A, Rk
BAZDERIEE, A, FIA, RRBINSLIRARMES
2. B 14 J& STAGG FPIREHEBRE LG TIRE
DI AL SEN

K 14 STAGGU R HBE

STAGG FL M I SCAREEHAE R A, L A O
HEIE 6 % 5% Ak B 18 ¥ 50 By AR B, an il 13 P iy
cast-actor , ELRAMTEL 2 Al A5 B b 28 1) £ X [ f A
T I E 5 43 500 HEAT G 05 SR I MR 4R R AE 1) £ 4 AH {2
M EBEAS A B IE BT A, YR A, A, BT
R LU HEAT TR b 0S4 a0 e b 3 A S AR
I A B & AR S SR 29 0, B Y TR) R B
“first”“latest” 55 iR Bf A FH R & LK.

STAGG B2z ] — AR X R B 7 (s .q) 5 LA
VAL AR s AR R g 192 3P AR Rl BE .
Tk = B 02 588 bR 1 R 2o A HE
BT, Bk UG, X TR ASRE s, Fls, AT
XF R AT R TSR B 4 R A SR A R
B FLAE L, F1(E S B0 A ) Y BT & B .
AR — AP W AE MR, F LE X T
A 1) L T B0 0% R 0 4 3BT =X 8 R i ACHE Y 2%
FAFE] ¥ o) MOME. 7RI B B L 1% 07 2 AT AT 1)
RRE S PIEPEREME ¥ (s, q) RARAYILIE.

W29 TAETE STAGG By AL F ik 7 ok i

X A i) [ 2 A L e R A () L 3 R R AR AT T k.
SCHRC25 ] 1 T MULCG W B 451 .97 78 T STAGG
rf SR 24 B B R SR S Y SR R S AL S O T A i)
PR FRIKBE ). SCHRL 78 JHE g L T TR 3 25 (], 42
T VYRR REAERAE o i R BT B IR AT
SO IR U IR T S R R S A 4 A
B A A ) L T SR R ORL B SN B T I
STAGG B4 iy PERE. SCHR[79 48 T — Fhif T
TC ) A5 AR ¥ 16 151 0 ] R e S5 81 ] — > i 7S ]
o 3 A T SRR AR ) 8 R AR X A 3 PR BEAT AT 48
A 22 A ok A 1) 18] rp 3 R Y. SCRRL80 15 SR
C79 TSR B AR (H BE— 2D 5] AT P R 2 I 46 0k 155
A 1) [ B AR ] 5, DT B 2 T A A A L. S
R8Tt XoF 4% 2 > 52 2 2 1) el L 4 TR Hf Yy [ A8
P& S 1) A3 il Ry 7 T A TR, S A il Rl
Xif I 1) T BRL A 9 PR L G e B B A L
/N TR A0 3w 1745 R .

PEAMAA — 8 T RS 41 1 S 15 2 ) 3000 35 7%
RAEHT (dependencytree) , T AR AFE W H & A Wl Xt
IO 14 32 TR 2 33 R AT LU AR AE AR 1) 45 A8 RRAIE  $2
fe BT T . SCHR[ 83 17 H A B T TV R —
A gt A1 A [\ B A0 B 2 B[R] 1 15 5
5.3.2 [l AT A AR P

TR I — Bl P 5 SRR 2 B XL B — sk
LA B pR B B B eR B DT — S TR B R T RE L
SQL A H Y Select. B> bR B H W — & B 1 2
0,0 Select XN 14 51 24 . oK B e JERE 2 19 L )7
HAETE— R BRI T FRIF L AT LA 58 LA 24 1 1)
AE. oW SQL i m). 5 4 B 0 A [A] 2 4b 7E
T A B R R M, MY EE IR
B eREU S R B 2 T A

R PR RF 5 T AR AR i) 2 DG B K SR HR i
FALGR] ST B TR A b e S A5 3 Y 9 1 A SRR
R IEARE ARG B LT AL A 7 Ll 2E
AT A, LIS B 58 B i A Ty BR3¢
B iy ] B A ZEIE A 2 OB [y ]
PSR R IE A 2, IR 2 A 1 7 XA 3 SR B
[min(i,,7,) :max(G,,.j,) ] B2 EE X, 450 23
o Nz, B ) o2, BA 2 (z) s HETA—A
BB E p T 2, Np. 2, BT T T4
B AF R SR Z BT 2. S T A 2] i LI g
Fr Kb AT e AR E R SR AT S U7
BRI ZEIEX BT ZEIEERNERSIE
T2 S8 EAT LA, e KL IR S A5 3] 1F i 225 28 1 A



3 A5 bR A  JRRUEE ) 25 F S e R 527

HLCHR[84 1 H T —Fp T BRI By R Ok
AT DLHR B AR BT A RE A 3 IE 0 2 5 02 4 L i
B A8 R LA PR 1R) L

SCHRL37 8T X SQL-like Y2 4T 30, #2417 —
Foft e TR 25 5 RS 00 A A 7 vk R BT AT BR R (BN Se-
lect, Argmax 85) VE R P 3 25 (], B — 25 AR 45 5 s )
ZE AT R L. AR 2] SR X 25 I, A 3 e 18 R A5 3
— SRR T L IR R R AR IR S B A B IE 8 2 R 1Y
TP ROME A, X M8 R T XS4 8 — L8 R R R 7
(spuriousprogram) , Bl f 4% 0] DL A5 2] 1E i 2 %, 2
SR 15 R T AS VG D , 3 26 5 i A2 5 23 % g Ar
i 14 27 2] T TED B e BRI A 1), SCHR(85 14
H—F 56 BE 22 FZ (policyshaping) A9 7 2, fif A SCAR
FFR Y IR G 15 B AR 9 29 0, X 5 s 19 465 11
i 3 AT IR R AT BRARG TR AR Y S B A HE R S
HR(86 1Lt T 2 RUAY IRIC 29 3, e AR iR 4 1 T —
Tk AU G S mg il T 52 2 9 22 B AL Am i R T
BRI ME L 32008 SCH Y D TR] B0 1) 32 B8 XOT iRl 25, B
N HEAT , B 1S 022 588 Y &2 2 v T 4
e IR AR E .

SCHRLS7 46 Hh &t % — ORI LAy R % L AT DLl
FHHE R Cstack) SR 35 B fig Hr. 1236 SO FunQL™ )
BRILA L E T A B PF AR AL S5 55 AR H I
HAR =0 S B DS T stack-LSTM™ 3
AT D AT i 5.

SCHRE89 T4 Y T 1 2245 % Hl (NeuralSymbolic-
Machine, NSM) , iz 5 B 41 % — 4~ % T SEQ2SEQ
Y fi# B 2% (programmer) , F 2R SCAS 72 51 5% 0 ok 72
JP 90, BL K — A~ & X HE E 2 #OE 21 AT g
(computer) , R IAT R 715 22 28 L[] B A i b7 4%
P TE R AR, LAS/INR P 0948 R 45 (). A I R A AT
A IR SCHR T — AR Ak 2 ) 5 kAU R AR
(iterative maximum likelihood) #H 4% & M) )5 i&. 1F
SRAL S ) R T AR R T A AT 2R 1
FBERERIF SRS RIEAT OB I E SRR
A FLAEAE . TR 2 B E K, H ]
S A2 20 ME LIRS 108 SC LRI T SRR R BLER
H A 2 4 2/ S ECT S i — AR E (R FL
(IR R 1 4 de KA R e YA 8. SCHR[90 —
92715 NSM B B 2L L, # A A T 5T seq2seq MY
BRIy fife 5 A [6) Z AL 7E T SCHERC90 5 X 1y 2
XF IR AT 55, T fff Bt i ik 75 2 2% 08 0 s AF L i SRk
(91,92 M T A & LI ek BB & AT B aR 1Y Rk
RE RV f& 1Y ) E R R R M L 48 3R 2 ] K BT LA

R T 2 0 29 ROoR F Bl 8. SCRR[93 14 NSM
YRR T 2 AU 3 5 B I gk — A 3E Y g AT
i >F [] Fsf 42b 31 22 A 45 3l 1 i) R

INGS AR 55 B IE SRR AT EE b T2 IR
2AT LA 43 Shy A 96 PRI e 0 o, T 5 0 2 4 1) A i
B Ay I A6 4 o 28 2 T 3 A S I RO B 45 S
A DUPHRE 0] LAt BT Ay I 37 BORE AR 245 48 L 32 2 25 1 v 8
M E S E VB IT 55 FE 5 2T g AT # it Bew
(75 1 A8 R A5 31 1 322 B8 X b, JE S 26 R 44
IR IE A F ST efl. b TR EE K, 1L
SHRIAME A 75 22— AR AN 253w, 54 W
() 5 ¥ A T L 55 W B 0 O R RO 2 B8 X A 1
Bl A8 T bR TR A {H ) A T IR LA
HME L MERR R G0 A I
5.4 XRBEZX

KRR IE —Fh & [T X 22 Bk B A2 04 3 241 7]
Y J7 vk s B[R] Al — A~ SRR 22> 56 FR 4 A A
“ ik B KT T B ER B Y 2 AR HE . 12 T A R e R
| ] B 9 328 SR Cropicentity) JF 6 4 21 R0 PR %
e e Wk B SR S TR KR PR b B OC &R L LA Bk % 3
By S A 2k AR AT R B R B R A A R
S

Zhou % NUY R TR e B A T 45 (Inter-
pretable Reasoning Network, IRN) H F 4k # £ Bk
[ R, TRN & — Ak AR AL, g B = AR, 43
iy AR | HE B ABE B R A5 2R B, A5 R AE 42 &) G [
15 o, i AR T % 5] 80 E 47 g 55, 9F AR 4 |

B R AT LR R ¢ = D),

q"=q" ' —M " q" FIRE A LR EE
X 7N H A [A) R TR ] a Bt SR b — 2D BRI
B . M, e — S B BRI A — AR
M s" B E - H R OCR P IR ERRE
n i, BN ¢ = softimax (F(@" ) +g ")),
P gy st =" MLE T ) R R

S DR MYRRIE I &, " ] 32 RS A Y )
RoR TR, HE B A — DX T E AR
TR IR L DT 1 T DG TR Y OC AR 8 R
JH A PR B i RS A i A TN A B B S 4R, B
NN e =M s" 0" =softmax(ele") Hirpe,
ARFRRE A j A SRR RRAE 1) B TR AT
T RREE A S8, UL IRN AT DL H AR R e A A R
FEATUNGR A5 B 56 T v a) i e A M B A . STk
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it 2023 4F

(95142 i 89 UHop B RI7E TRN A JEflf b A8 1 ik —
ARt SRR 22 B A A ] L S 2 T LA
Ak B AR R

Relation
Memory
14

Module :

Tnput
Module

hop-1

B 15

hop-2 hap-3

TR N A 700 HE 20 PR

IRN 525 TS U0 i 3 R SR, X 7E — 18
BRI T N G L Zhang 4 TSR T AR A 4
) 2% (Variational Reasoning Network, VRN) , A]
L[] o 4 DT 2 A0 S5 R G AR AR 108 SO T S
PRAE D B i, H AR R B

1 &
mafoIOg(Pﬂ (y | g)Py Ca; | vag:)),
0,0, N3 I ’

Hrbg, KRB, o, RRER, v Fom FETLAK,
Py (y | g FoR MG RN M9k, Py (a, |
Vg, e MR ) RN 3 S 44 2 [ 900 24 48 i
I S I LU TR B L R P I A ) 3RO o 2
BimT. Py (v [ @) =softmax(W! f,, (q)) . Hi W,
TR y Bm RN, f,, Ron RS g8 )5
A Oy LAy Ryt i SR, HAROR U, 8 X
Goo WHEEMN y Bla WA KENTE, S
g (G, .. T T EIBRRE 1) i 042 2 AR )
fial KLt F 874/ 8: Py la | y.g) =
softmax (f,(g)'g(G,..)) JHp £ (¢) £nI—
A [r) R g bt . - B B9 RRAE DL AR R 7 2, B e
WEIN vy Bla MR L ANAT o ZATHEK; 5
XFER AR E B IC A Parent (a) 3R )5 R 4 Gy
MIRRER T G, PYRRAE. HARA A

1 ~
Shareni 2oV G L e D

a; € Parent(a),(a;sr ador(asrsa;) € G,
Hrpre, RARKFR r BYm KRRV Rom B .
H T 0 I BT A T RE R T T AR R R AR
IRF A A T 5 ok g Al o ) HEAT 4K,

SCHER[96 17 VRN (9 B fili b A8 7 3k — 25 i ek
HEREEX A ULy g B9 7 BT SRR TR

g(G,..) =

& IRN —FF 2R HIP 51t 3 0k 72 4 — 25 f — 4> ¢
F I HLASE P AR R i e B L R KD T s
ATEF R EAMR T T T LA B T 3R Y
il I 5K m& (potential-based reward shaping) , $& 5
TR Y BT

INGE OGRS AR G B AL 3 22 Bk B AR n) A, 1T LA
TE P 2 28 ) [R] B o A F 00 1 e ) YOG R B AR, B A
B AT AR EAZ 5 1 3RAK BE 55 L v Y
FEH Ry R S B 1 22 Bk OC R =2 A1, T 3k A 38 G At 4 3L 1)
B, AR G R VB Y LA
5.5 $EIZIZME

A 10 12 M 4% (Key-ValueMemoryNetwork ,
KVMemNet) &1 12 M 4% (MemoryNetwork) "™ [#)
— PP BT HHEXS (key-valuepairs) RAFfiff HITH.

Bl 16 45t T 2 B B A 012 N 4T AE 48
L o A 3 = A R EOB IR L 03 i) 02 B W Ay (keyhash-
ing) i 7| (keyaddressing) . {8 {32 B (valuereading). 4
ey iy e MR A0 204 7 090 T 2T, DR TR o 2 B o R O
A AR M BEHEAZ memory. RIA B AN SR £ AR R
W E K, WK KA A memory H, BEFE 2% N 17
SCHMELAPEA 5 BT LA 28 DA Hh $i B — > 40 5 b i =0T
T FARMOL & K — n A Y 3 L O DR
HERAEH key, B EEAE R value, H key HH A 1Y
[F) LAy Tl e BRI S 5 3 A s 1Y LA mem-
ory M. #RGEM YT AN & q, 5TA K
key TFAEAHRLEE 15 8] — AR A AXK p, =
soﬁmal(q}‘AQJK (b)) JHp @ FSREGEE £, Wb
Il KR A SR SO . (R U AR 45 W
19 3 B MR 3 A X FT A value BY ) &8 3R 7 7F 50 m
RO 387, SR J5 0 ok 00 & il 1 &2, 220K o
200 A@(v) g, =R, (q; Fo) i @y FoRfi
) i RS LR RN A U A 2 O L
EAGHEAT H D HER G FE R AR 5 B R 24 A
CINCTR o PR A i b g S A L1 S RN R S W
K H A 3 S A5 b ke TR 25 .

SHH 112 IO 2% S5 4 T B0, 25 By A Ak L AT LA BTy
65 b Kb 2R 5 B — Y TR A, X T AR 4k ] R
PRI E . BT IX A TA] L, SCHR[ 98 ] 2242 Y 1T i ek
HE . —J2 7E T BT A ) ) B S PR R g, +
0 TIEH g, 0 F1 D) p ADy (k) =AN I B 7E

— R ZJE TR XA DI A R E— P
G B R T EE AN, 2 7F memory I
A—"DFER ) STOP 55, F R $2 75 28 1k k48,
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Figtaiwisdiatetoo ni g .
! Knowledge |
SU urce

(kin."' rn’.'.') ('kfa:' ‘.JI:] (k.llf' '|..'I”_) {k."ri' ‘.r'l-?J - (kn’.'.'\‘ "JI.\']

Key-Value Memories

.......................

Value cmbeddings

______________

16 SEAH A2 047 HE 4L PR

G AT JC H A i,

SCERLO9 48 1 1 — A W) 1 B 7012 W 4% 5 38
it 22 )2 W AL BT DL RN TR e A S R [R]
TR DG AR L. By 5 1 A (T B (R T
LA ) — SR 2 (1 2 5 SR AE S memory.

INGE B IO I I 4% 45 0 a7 5 5E PR R L (H 2
HEFRBE J7 855 » T MRk Ao 95 22 22 AT A 3 ] o
(14 ek R LA Bl N I P LA o T v o o A 1R
5.6 FEEFEHE

A B B VR A 1) i R OR SEAR R G
FELR e v R AR G A R W Bk A% 25 2R Bk %
ZJE A5 BT B 1) i, T DA Ak gk E AT Bk i SC IR AR
GRS JFEERAE W AR LT S 0 Oy S L X AR
i FR Ak AR 0 T LA o 2] I MR AT O0 Ak L 0 HLAB AT RORAR
fR s AT LA 38 2 24> GPU LB A7 I 4715

BRI kR R Cohen %5 AN R, 4 s &
JNSEAR s XY one-hot M, Bl s th B 5 s XN
7B S 1, AL EARZ 0. 2 M RIR KR r XF L
FIABIEFE R B M, =1 FRoR 5Lk 7 RISk Z (R 4F
ERRr B M,, =0 IBATAR s Bk KFR r i
T8 2 )5 25 S sk vT LR 1) 4 SR PR AR SR B s .
M AT R IR B — N ) one-hot [n] & , 327~ Bk FE
ZIER B SEAKR. 2 s A2 one-hot [a] &, 1] J& 48
R — A LEPTA SR L A 3 53 A i) R RE T DL
Az AT, HR 8] 25 SRt 28 B T R R
AT PR AR E G IR TR s ¢ SEHE,
THRACER U s O SLHL, Horh © R 3 407 AH .
X LA AR 0 i L A BT 1 LA ] S, AT DL AR S A
BT — LA NI B — 5% B A B . S 80RT DAY
BRI AT L 8.

Cohen 7E SCHR[ 101 ] X 1% J7 ¥ A 44 5 14
T 2 T B T T SRR R

AR AT 38 8. Sclk[102]8] A T count-
min sketch [EHE 25 44 > XF 52 A 1] & 47 e 45, DA
B AR B0 A0 A [ SRR BN B R Y SRR R

AR TS R AR EA MBI A #
T A R A 3 22 Bk i A% [R) A0, ] LA 0 24 58 A ()
BF ToU )Y G R B AR R Rl Z AR TE T TG R
FEAR VR SR OC R I B B HLR R 1Y,
SR BRAR BEAT AR 3B, T LR R 7 AR B R Ak 2
) 45 77 AT O Ak i AT S AR i R b Y Bk e R
Wi ofe 1 52 B, TH R IR Y T LUK S BUfG i  ReAS
HEIR b R 4 o B v b AT AR 53 A AT 3 B AR
HEVE AT LA BAE 5 10 58 JF SRR AR X2 R IR AR R
A Y.

A T B AR BE 5 VR T 5 B O S T 1
TR A ML AL 56 R kAL AR AR E R T
DL VR HEAS bR 55, 30 3 2 X 26 LA pR B i 47 20 5 7
FNFY L LL5E UL A DI RE.

INGE n] S B AR BE VL I G AL BE 2 R B AR R AR S
FRAE ), AT L) o 3 o b AT O AR S LG OG R AR vk AL
A SR ) IR RE 7 . (ELE T vk A 3 At 3L [ 8,
A R LA
5.7 EEM%

B % GCN' (GATHOY SR 5000 f 32 1 P o 4
W28 3RAT T T2 1Y QT | 7E ) T2 B LB ) 25 5 AR
LIRS TR R BERE. LI GONY i, & i 4
xR 18 45 FL W 2% (GraphConvolutional Networks) ,
B RLINR 75 R SRR E

~ 1~ ~

H(Hl) :O'(DizA D 7%H(Z)W(Z))
Hoh H'Y R85 1 2GR IEAERE , HY Hlf A
3 SRHE X AT R AR AL, W RORE L RS HL

HFE. A —A 1y HoP A REEGAS R, 1, &
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2 4R 2023 4F

SRR R T R D, = DA, R
ST A O IE AL, P 17 7R . GON 4 —
T T A1 10 40 T 175 60 A B S FH SR T 4 1
W A

( F L " @
N
\,: - —= "::.23::
,—'-‘/ hidden ‘(-‘/
l\’_\_.‘—" layers k»7:'/ & ®
input layers output layers

17 GCN" R &K

H T R R TR SR AL R PR 45 4 O D TR 22 e 2%
PEAT HEBHIE — A LU A AR AY S

Sun F Tl P b 2 19 2% Ak R AfE B ) 2
155 o AEAATT A0 DA 5 PR R, — I 2 A
AR, IR AR S M AL A 4l SCAS BT AR T4 E 1Y
[F) 8T, 5 2 5 DA R v ok BB A SR 9 £ L L AR R
B e 9 SCAR B AL O 1 5 R & 9 8 — A B Ak
(1 S5 44 de Je P L P PRT ol 2 P 2%, 6T 18 2 i TR
RR A R SCAR Rl 5 S PRI 2548 £ — A 7 11

Q. Who voiced Meg in Family Guy?
I

| r
FFrecbase  WIKIPEDIA
w Free Encyclaprediv
llOMlonS"hwph
— character from the

animated television seres
~ Family Guy.

T

1

| Re

: pje

1

| CVT1 —__— Family Guy -

i charactor-payed-by .-"'r — -

]

1 —

! CvT2 | =&+ Lacey Chabert Originally volced by

: Lacay Chabertjduring the
it season, she has been

Tty

rom

voiced
Mila Kunis Mila Kunis since season 2

Text Document —= KB Relation =— Entity Mention

18 RlG FIRE 5 SRRy I 451

SCHRC105 ] 32 24 FY G ¢ =i JL 00 2 47 5 181 4
A B T AR, SCRR 35 TH 4 1Y PullNet B
FUEF X 33 A [R) JE, fiff FH 2% > 19 7 AUl A - 1&
FIRTE T T B 0 A e R Bk U, 4
G,=1{V.E} F/RAM g XN H &L H vV R&RTY
SEEA A =R A AL R R RV,
Xof Jo7 R PR R SR, SCRS Y L Vs R R SO H Y
SCRS ST 10 VR R R PR = e 4L SO
T BT AR EE B Centitylinking ) s M HE 7 SE 4K
W URISORY T A R L S S RS e Sk SR

[ KB Entity

MBSk Z MAFED. A G, ={V",E"} FRVIIHH
T VO i R S B SR L, ET RS
PullNet ZE AR XF G, #EATY &, 7E W ER P,
JE X AR PE T 5 AT AT 43 3k A S R A
B 1 S A XF TR A SR o, L TR T
IDF WfE B R r B N SeAR ik i 5 ¢ JAH G H
A5 T v, BYSCRYEE G A T E T AH B BE /Y 7 1 A
AHRPE IR 5 g A ¢ H ALY Ttk v, 19 =704
HAEG . SR AW X S8 15 3] 09 45 a5 R N A 3
ARG, b ERET L Z)E B8 RAR 1Ll
FH R 22 0 2 %6f 5 &1 48 O AIE S % 7 & b 9 B A4~
SEARAY SR — AN 1553, B T 1 B o B e Y SE AR
fE R R R & 5. T 62+ B B 5, Pull-
Net fiff 1155 B 4 75 A7 00 25 4R & Je $0 8) Ta)
R Y SR B B g8 AR Y B R AR DL R R B AR A
h 2 7% R H 5E F B AR Bk B2 09 1 17451

PullNet 1Y [ 4& Bt 72 5 55 M5B 0 0 i b
12 TP A PRI S AL, B R DA — 0 A i BT 25 A
KB HIEFT YR, PullNet 76 I 2k B 5t = 7 B A9
WBHE S E T 55 B . Al Z AT, Pull-
Net 14 12 J2 MR TE A2 i1 SCAS o 2 B 1+ 4, i A
TR P12 T A0 ) o ST R R T 2 SOOI A ]

INGE . TR I 2 ST AT R R R VL L 7E 227 Sk
B Rk e T A 2 o 445 3 0o 2 AR 1 A B A ik
A3, A B R IA Re ). R R R # 3 &
Vel Aot 22 00 2% (L dBfe i 2 > I IR Pl 2 0 4% B = T i
BEVE, TCTk 45 b ) 4 2 R 0 SR A9 28 2 A
A X DA At iR R AT R L
5.8 Hftthix

bR T LA A NS5 Z A b A — 2 H A
D5 ¥ s i o) 0 JEL I 2 A 3L R LR 4 B ) AT 55

k[ 106 11# H 15 B 4% 3% (message passing) F
U AT M L 0T 0 D A B B B — o B
[ 750 b ) S A O AR L 2 ) ke B B0 R
L IR B A H B B {5 B (confidencescore). 58 [
BB AR FE I B B S5 HEAT AR 338, R A A A3
SCHRC107 1t 4 4 B 53 SR WA B B 5 — B BOAR 43 [7)
RO SR RO AR il A A SR AR S B I B
B 0 TE P A R T R R X o R A SR A AT S
E L U 16 H e BRAY 25 22

SCHRL108 JFH 7R 2 2 i) JEL P& A THE R, RIK 1R
26 v B S A R A e ) 1 1) R 3R R B (] — A ] 2 5 [
P o fEE 50 R T RO ) P 2 S AT RE . ok M JEL B o T
] B R LAt B T 5 2 )it I H 2 0 % 3] 4



3 A5 bR A  JRRUEE ) 25 R S e R 531

B A AR X LUAS ) B A2 T A X
XA AL, SCHRL108 142 H T QUERY2BOX BB, A
A A 10 (] R s Ry — A ) i, A2 s Ry ) 3 23 [R] rh
) — NI X 3R (box) » T AT LA R 7 — > LR &,
A ETE box NWRYSEIAHR R Ti2E 4. B£H5 W38 I
AT DLy i i X box AOERAERS 3.

SCHR L34 1 F % 76 5 B A0S 52 2 0 R03R % B b AT
HEHR AT 55 46 HoRE R R R R 2 ] SHE AR S & 1
J5 . FHIAR 2R 71 S K R0 R v A S A AR OG 2R L af )
(] —A~ [ 2 [) o, I G ORIE ] a5 1) A% 338 1k I AE
253 B R R R B TransEVY o, H b o8 B0
htr=t, 2o horoe 53506003k S0k 6 R RS
18 1) et e s . R e i TR ABORTR b 4 AT
TR 2 wp e 2 %) 8% 422 (linkprediction). 38 i % #0118
J2F 2% 7 RV HI TP 4 B ) 225 P AT 55 45 B AE — iR, mT LA
I FH B 422 U 1) 45 AR FERUAME S, B e HE R R
5.9 /I &

AR T P A B 1) 25 1 T2 3 A S A
Wl 3 4 EEE T S 2R S R0 R B R AR R

TPk IR T 827 R B0 A R A

A B T8 SR AT 12 A T AR 1 K gl =7 > n
A K [ LAt Ay Ry 38 SRR 50, I R IE U 2 W N 2R B
PR 7 5 8 AL B DR (H AR T B AR = 5

(2) 55 Y B A9 T8 SCA AT 2k ORI 24 S8 ok = >
fuffig A2 L . 5 BB R IR, B A TR
TERAS S AEI 2 L BRI Wi St L 5 IR ¥ 5

()RR AL LTI T AL P 2 Bk g% A% 1) L, 7]
DATSUIN H O 28 A, B Bl 4 nl A B L (HC I Ab
T HC Al 4 3R] 2L 5

(4 BEAELICAZ 0 265 45 44 fig B, 388 ) 4 o fFL 4
fiE 7755 . 4 B A ook m AL

(5) nl S AR i DL AT S 14 07 AL B 22 Bk A
A RAE T DL e B i s AR AT AL B S R R
FREIAL Al LSS H i A, 15T 3 Ak B 1 | L
A [A) L 5

(6 [ ol 22 ) 2% 368 P i o mal LR A R 28 5 5
AR AFE AR SR IR S5 5 AT 55 b L A i A 4 B
RE 7 o L HE B 5 A 0 ok T LA

F3 MAEEBAQEAENLESER

5 0 JR B

W B (R 3 Y i A9 [6276 )
(RS P 4507 542 5 06 47
gg%gﬂgﬁi‘)‘(ﬂﬁf&ﬁ%%’
e Z i % (28 L0095 1096

P AL [27][98][99] R .
B ICAZ M %% ry PRI A

42 b= [100-101]
T A By D2 g A — 2

2] % 44 [35][105]
SREl IO 785 0 5 R GF 00 2 %

BTt HA SRR K RE 1 AR A 2% R T 2 60 i R

BT REHH 0 seq2seq K 7] A BT g A5 1) P ol B
7 A8 Bh 48 R AL LN A5 5 U8 I 29 FOR B Bl sk

DN RIS S TN 56 AR A kAT Bk

FEFHIREM 3E memory . AR 4% 7] #51% 18 b N memo-

AT S )y 2B 5 B A B 20O 1

A7 P o 2 X 245 32 RS R R R SR R T R R L PR 0 e 4 T L 3R 0

i TR 2 T b
B A 5
A NS N SN T
AT SF (58] 701 2 T WA 50 R
R 2 B 56 A& In) R Ab , OE i
Ak A Al 1 i) 5

Taik Ak 3K B A% 10 )
e = W fif Bk

Fr Z Bk F AR 5 # AR 0]
AT LS Bl AL TSR R Ah TE Tk b BTG AL HE B )
B B PR

AR A BT bR

T Ak B 2 Bk O AR (]

2540 T R 3 1

4 415 e = T fif Bk

FE K 867 i SEAE TE 1 0 45 R b 25 T 245 i
TR R G, AR S P28 00 45 4 AT 15 R AR 3 R
B T SO AT 125 L OC AR AR VR RN T 5 A ik
WA —E R FJm TIAR R S8, Wl i 75 5 16 i
R IE 20 1) R A7 SR . BE T bl 22 0 2% 1 SRR
R G L 2 F0 R i P 5 R T A S A
R G R R RE )R WA S AN R E
R TR PR R G AT IRA NS S R — D E
5 W5 114 ) 7L

F 4 P T HE BN A AR T A W
B e B e g A MR BT 1A R P
ATIS,WebQuestions ZF5 54 b, H i F R TAE

MR SC i B A5 SPARQL #r5 i 1) WebQuestionsSP
FIHLBE K (9 MetaQA. L op PullNet™™ £ ) [&] #f
2K AE MetaQA 1 = Bk ) 8 F AT T 91 42601
HERA 2, 2 H AT ROR B i A FR B AL 22—

6 RFEHRAME

Bt 3T A O TR B 2 ) 1Y R L 1] B IR) 25 2 48 I
T AR BOR. Petrochuket %5 A5 2 1
SimpleQuestions £ 4 £ i #E 7 >K LR A 83. 4%, 1M
Zhao % NPV LR E] T 85. 44 Y B HER R,
Cal il 1 ANEPERE. TR F0 P 7] 24 ik, 76 H
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Hl

2 4R 2023 4F

b Tra) 25 UL A0 SCAR B 32 PR AAT 55 b L AL A 1 5 I)
LR B 20K B R T K Ao
J I A A I 152 HE AR OB 4 SQuADTY B A

*x4

F1 {84 89. 45, M i AUBE R B 423538 T 93. 01.
W, 3T AR R 5T AT WA 56 VE B AT W R AL B T BBk
P D ) AT 55 1k

HEEOERREFENIBERILE

LGS . . MetaQA (Accuracy)
ATIS (Accuracy) WebQuestions (F1)  WebQuestionsSP (F1)

A R 1-hop 2-hop 3-hop

SEQ2TREE"*] 84. 6% — — — — —

COARSE2FINE* 88.0% - — — — —

STAGGH™ — 52.5% 66. 8% — — —

S'I‘F["‘] — 53.6% — - _ .

SCANNER™ — 19.4% — — — —

NSMLE — - 69.0% — - -
VRN - — — 97.5% 89.9% 62.5%
SRNL% — — — 97.0% 95.1% 75.2%
KVMemNet*" — — 46. 7% 95. 8% 25.1% 10.1%
ReifKBM0 - — — 96. 2% 81.1% 72.3%
PullNet"® — — 68.1% 97.0% 99.9% 91.4%

LR AN A S BRAN R HERLRE ) 2 e
PRIXE . 4 ORI TR B2 27 ) 5 R 17 38 ] 7 8% (per-
ception) JZ [ , AT 1A% o 350000 4 4, DA SCAS w5330
AR AR R E A B R L B
HESE , B AR SE TR BE 27 2] SR OS2I Y L I8 75 240 B AR
T2 5 WA H (recognition) R 4. F AT N, Kk Y
5T AT DL 22 7 [0 2 T

M2 55 SRS A A B2 28 R AT R L Al
AT S AT, S R WA X A KA. B
ATV TAR X — 7 1) B b AT T 3%, i scikt
R ) 2 25 5 HL (neuralsymbolicmachine) , 48
FH A 28 100 26 08 1) 302 A7 Mt 07 & 8 FLRE AL 7 5 10 Y
FEIF B FE Y 1B PATH BN & 22 18 SUAR AT 135 i
o1 FH 2S00 1 JEL B, FH it 2 IO 28 A Sy S AT 2% PR AT 5
SIEPATZ BRI RATN A WL E 7 et
TEAR Z2 [, LU AT 5 5 | 5 6 M PR AR 22 i A 1 1) 22
I RS A I 22 AT RE T B0 As R AR B P L A0 A A
ity LT X 2 B OE SR TR R R AT & T, B
Z 3 M A A X s ) LS A R lE— 2P B E

PR AT H ) 2 i 28 A5 B I 4% (neuralmodule-
networks, NMN) & F- i SCHR[ 110 148 i, 5 9% 0 H
TE AR5 #E B (visualreasoning) {1 45 W, iZ 7 )@
THE 55 HEEE N —F 7k, 5% @ik
B9 AR P i 2L, A B L4 A M (compositionali-
ty) ¥ 52 2% 0] B 43 M S 45 T eRERCA B 7 81 O
[l Z Ab 75 T NMN i pR 0, SRR O S8, 02 iy vp
YIS 0 Pt 28 I 28 S B, T AS S 58 T 00 00 1) 73545 5| 3
H BRI A B B R Y R — A AT 5 B Bl 22 I 4%, AT LA
i ) 355 0 R AT AR AL L 5 AT S Bk AR AL OO 2

JH i 25 ) 245 52 B ) R B L 5 1 0 0 ) o AR LA T A
)65 AR 1 0 PRV BICAA i A pl AT R A Sy R e R I
T 22 X 2% 114 pR IR (] 45 B AR AN A T 5 T A0 0
1% PR BN BT BE TG 7 R B 4n 7 i 45 . NMIN 7R 3
FSCA B HE BAT 55 Ay R B AR T R
JE T A B A VA L el E R RIS ) AR R
Dy FH A 2 5 D 4% S — MR A (B B B 5 5 1)
3 ) TR A AT A R . NS M T A2 % ) U
LR T LU AL A O 4 Ol N PR A i, FRATT A 2R
Bl 2 bl , AT DORE 8 2 7 i 7 b 25 1, DA
T NS AT J A, AL A% A A A 8 X
i R AT HEA L DL 7 A R B R L AR Z R
WS IETT B 8 SURRIT I O R EEARIE T 7
AR A5 5 vk B BT 04 AT i R R S 2
45 R B 28 X 2% 110 T e AP b A 22 7E A ke I A A
B Al R B Y AR — A BB R R
S 3 T RT R 0% pR B pRUBCR Y T
LB EEA SRR , YA LR i ae 2 J5 st T LA
N FIZ B RE AL BETE S B2 2 04T 55 AN X 5
N 25 S o B — B0, i an A A NI IT R 2% >
i B 2R 2] DLy s o F - LA R T ik
DR Z 5 AT LA 2] 6 B8R R 22 060 B304 Jn v
. ARV 220 B 0 sk i e A % 5L AR A
B — 0 AR SR A BE 1 DL PN 8 s 2 ok R, AN
S I T B (I 17419, i EALE 79,
Bl AR D P T EAR AL (I 17-9, 75 B ) 7
5 DL BT LAZ AL B0 sk SE B b i A~ Re 4 &
17 R s B DL P A ot ik R AR A7 L i 2 ) A i —
VRN AR B AL E s A AR T A g L AR I
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AR o v N o L 2. B AR SRR Ok B, ]
TR X SRR HEAT S B 2 A AN SR AT LS D AR
Z 2 2R Al FATTIN S XA i A 2 e ) AN T
BRER) — R AT Z B AT E RISl 4R Ok
2 B BEAR T RE L Bl 2 2 BOR B2 1 e 8, SR 1L T
TAHLA 23 21 5 3 26 pR R 25 il D S A% R . FRATTIA R
A LA 7 e A eR BOURE L A R BT T —
SE M HIRE. X T N LR BB AR C AT AT AT 55, AT 5k
IS RE TSR A pR B A G R i T, an SRS RE L )
2 JETE pREUE HHoIn AT YRR R 1 A5 AT 55 TT L) Bk
fif . A RO N BB S B N L it JF Bl B
W6 A B HE L A WL AL, T R 53 28 1 eR A
M B CNN & J# 2] AlexNet"™ [ %] Res-
Net™"* 30 L 5 10 0 507 2 — 2 bR B0 A8 SCHE
G5 — B A eR RO A R A S A 20 BRI T ek
Z IR G s IR TR AT 55 Bk 2 a0 ol R FH A
BRI 2H 5 i e 0 BB AR R T BB R Y
AR 5 = LA BT ] iof 75 8 7 12 v i A5 11
BRIES LA KT R B T R FT S AN ] 1. BAR Gk gk
PRI AT I 5 B A Pk S AH FRATTAR AR X A~ T ) 2ok
I} N A BB Y — 25 T AT Z 1%

AT 1) 54 G B8 BIF 5 B 7 S T 1) IO FH B B9F 5
AT BYAR 22 F 58 T AR 0 2 0 S v AR A 5 O 2
e b AP B E R AT IR 2 L T TR B,
B B AR R AR A RO 4R B SR AR B E AR M
JO7JH 3 SR 37 5 v AN BB R ) 24 4R 3
B REAEAR 22 N T8 e F 90 40l #6025 ok A7 7, X R IR
il T HOR v R SR 28 TR A S .
AR o R ke 1 WF 5 B2 8 22 1 25 B8 S B vy T AS A
DU E HEA R E 1B 4R Bl AR MR TR,
AN A5 1 H AR R R B 24 4 3it B M 3T 552 B 37 ¢
AR50 HI 4R L O HL A 3 S JRASE 17 ) e o 5 90 2 L LA
I Sy s il o A B S M B AR A Y R
V& .

PN IR RS E S e oS NG =¥ e o B U R DAY /S
SRS X R T IE, ARV U RE R,
SR FEAL L B R AR A DL B AR 157 AT AT
AR AT E LN T ILERE R
JUAE IR 824 2 A REE LA Ul & 5, 36T
AR AL R AR Gt SR8 S 9 LR AR N —RE R RE
Bt 5 B R 1 457 2 19 2 > MR ), R R X A i
T2 HOR B2 52 N 26 B, M I AR TG 328 28 A 45 56
. CHRL75 JE ek 7 AR T — SRR FRA 1 Ay
AR AT LA T 2 W B 58 3 DG TR X ANy ) N

U 1) B 2% 2 RRR 22 ST L, O 76 SE B R 40 b &
E R FH R SR o DT AR A5 R i NS P i R 8 ) 1t

5 HARAERIE A G A oAk ER. e ah —
SERFF 5T TAEFE X J7 10 U T — 2 ik J& L an SCik([105]
(35 JHRZR T An ] 1) FH 1L P28 R SCAR 3 [) 4 R 15 5 A
PG SO A Ry BRI 2500 2 5 5 0 il ke ok L £
JFH IR 22 0 24 A 7 4 B, SCik [ 114 10115 1] FH 1R
J2E B 5t T A ) 25 0 P BB AR R R BB 5 L R ATTIA
Sk 22 VRIR 25 5 i 1B R 83 3, PRI O SIC PR 3 A A
SEALE ZFE B AT L] e A B L T
WELGE il B A5 22 B0 A5 2. N0 TE A 1 4 3 R R OR L 3R
1A BEALES T DL Bt , ¢ B AE F I fe] 1 AL 2% 2% 2
MARTRIR AN [ RS 1 A b 4 A 15 2. FR AT
Ko AT LA SCHR105 1[0 35 J—FF 8 AS [6] R 5 14 %0 18
HRFEHT R AF 5 Ak A B 25 4 35 B B O (o il 45, e il
g . A 2

SR A R [ 2 A L R Sk I BT AR
JO7 24 L AT fif B A L AT 95 b | AT R 2 3T AR R R AR
GEAE it o o e FRATT A B s AT DA Rl A
T BRI — A2k A

7 & it

AR SRS R PR P 1) 2B UG AT T RN 4.
FRATTHE BT AT AR R % BUCH T B0 B 4R L 0 A RS
O T 2 AN H0d 4R A U0 B L B R A A2 2 R T R
AR AR 28 [ 25 A 55 g 157 0 I 250 AR 4fE B ] 24 4
J&, Forh ] R 25 v R B B = ou 2 A B R) 25 U
BEIRNZ  BORITA LR &£ G 8RR 2Bk,
P L B A 22 o 4 PR R B BT B TR) 2 A0 2R ik
TP TR A5 58 = 0 21 1 % 1O IR AT 55 PR IR 2%
8 U 3 AT R D A B Y SR AT I L 5
(03 SO AT I L OQ 2R B AR T VB (EIC AL R 245 L a5 %
PEBE I M2 R 25828 AT A 41 T XN 27 ik
(A% 0 S R SR T AR JF 0 i 1 2607 ik A
AL i B ATTRT R PR JAE ] 2 AR Y R R T S T 1)
PEAT TR ER L Ay B Sl i U K JE A TR I L DL A
RN A6 T R E TN T RE Y S e 2

2 % X #
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cessing the knowledge stored in KBs is facilitated through the
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use of formal query languages with a well-defined syntax,
such as SQL, SPARQL, GraphQL etc, due to their expres-
sive nature and the ability to store and retrieve very nuanced
information. However, the use of formal queries to access
these knowledge bases pose difficulties for non-expert users
because they require users to understand the syntax of the
formal query language and the underlying structure of entities
and their relationships. KBQA systems therefore aim to pro-
vide users with an interface to ask questions in natural lan-
guage and receive a concise answer generated by querying the
KB. Such KBQA systems could be integrated in popular web
search engines like Google Search and Bing as well as in conver-
sational assistants including Google Assistant, Siri, and Alexa.
However, how to understand questions and bridge the gap be-
tween natural languages and structured semantics of knowledge
bases is very challenging. In the early research, researchers
mainly focused on simple questions. which involve only a single
triple. In recent years, with the successful application of deep
learning, simple questions have been nearly tackled and the re-
searchers gradually focus more on questions that require complex

reasoning skills. In this article, we will review the current re-

search progress of KBQA. For both simple question answering
and complex question answering, we summarize the problems
and challenges of the task. Then multi-dimensional analysis and
comparison of KBQA datasets in recent years are carried out.
Next, we introduce the representative methods of simple ques-
tion answering and complex question answering and analyze their
strengths and shortcomings. Finally, we discuss the future re-
search direction of KBQA.
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