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Abstract:  Question generation over knowledge graph (KGQG) aims to generate natural language questions from
knowledge graph (KG) facts automatically. Existing methods directly transform an instantiated KG subgraph into a question
and usually adopt the teacher-forcing training strategy. However, the current methods still face two major challenges: (1) in-
stantiated KG subgraphs lack the integration of deterministic query intention, resulting in a semantic mismatch between the
input and the target output; (2) the teacher-forcing training strategy suffers from exposure bias in the inference stage. To ad-

dress the challenges posed by semantic ambiguity, this paper proposes a framework for complex question generation consist-
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ing of two stages, namely, facts-to-query and query-to-question. In the first stage, this paper designs a query graph genera-
tor, which converts KG subgraphs into query graphs with different query intentions. In the second stage, this paper proposes
a question generation model, which employs densely connected graph convolutional networks (GCN) to encode the query
graphs and utilizes the bidirectional and auto-regressive transformers (BART) model for decoding to generate questions.
Moreover, to alleviate exposure bias, we train the question generator with generative adversarial imitation learning. The ad-
opted discriminator learns reward functions self-adaptively through imitating the labeled data and guides the question gener-

ator to explore the high-reward area of the potential question space. Extensive experiments conducted on three widely-used

datasets demonstrate the significant effectiveness of the proposed framework.
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Memory , LSTM). 7 3K 7 51 4k i) A 1) KT FE R L2A 1)
LN

Zero-shot'? ; — Fb 3L T BF #2845 (Recurrent
Neural Network , RNN) 1§ Seq-to-Seq A 2 R AR Y
PR A AR AERLAR P T A R ) L ARk B AR SOR R
G R A i) K A

MHQG" ; —F % T Transformer FFE R, F T [ 38
AR KG L Z Bk 4] . MHQG #f KG T A& 248 N
B PR R SRR ), O ik T 44 SR Y AT BE E
AT MERE T

BiGraph2seq " : — 7 P £ ¢ 31 f4) A AR RL , 1] XL
[m] )% B #2294 (Bidirectional Graph Neural Network ,
Bi-GNN)/E A [#] 4 i gt 5 it KG &1, Ff o 52 il #1L
58 RNN AR5 25

52!, Bl Text-to-Text Transfer Transformer, 4& — fft
Se it By A K15 7 4k B (Natural Language Processing,
NLP)FE R, &8 2 5 T A7 SCAS AH OGAT: 55 e 46 Ry SO 3
SCAR A% 2, el I 48— AR HE 2RO b PR TS 75 S3LAR 12
15 .

JOINGT™": JOINGT 4255 4 S A1 (1 1 SCR G R H A
G B EL Ak I 25 1E 5 B AL (Pre-trained Language Mod-
els, PLMs) /1, DLOR B I 454, OF 33T 1 =Rl I 24
55 ey A B 5 SOR Z ] R 5%

DSM'2 . 3CHik [ 28 17 2022 4F 2 Hi f) DSM AR EH g
TR T B Z R, JF SR I TT 2 21 O B ok Al i A B
fifix e 22 e b iy ¥ K454

ChatGPT: B GPT-3.5-turbo, B{ # K FH1Z A5 AL i/ 17
A

SGSH : — i B T~ KA AL (14 7] 4] A JRASE A . A5 Al
I 2 A A R RS GPT-3.5 (1 =F & 1l AR, A
M7EKGQGAT: 55 th 5L e AL L RE .

4.3 SHWATNA

ASCAE H PyTorch #4717 528 . FEUN ZRad F b, AR
SO T R 2 d, HUELTE I 1120, 180, 240,300,
3601 , e 243 E M 300. X F WebQSP Al CWQ £ Hi5 45 |

AR SCAE T 3K A OpenKE™ B IR 50 4 ) £ 04
HKG SR T RIRIE . X T PQ R A SC
KT W25 09 100 4k GloVe ™ i KG Hh Sz ik il 6 £
B FRAE . % T WebQSP Fl CWQ K dii 4 , A L B A %
FRiCRAEGEFE R /NNy 645 % F PQ ELHG 5, A SOk B 2%
FERMCRAELEE /N K 32, FRAE )l KG SR ¢
A B B ARAC ) DL R H A o R 1 BE HL A P
7B .

AR Adam AL , W1 4R 2% ) K% B4 0.000 3.
FERRA AR 2 AR SCR T 0.3 B9EFE ], LB 1k
G AR AR AR SO T R R RN 10.
BEAN AR SCHESGUEAE 1 B4 PRI ER B AE 7445 30 1 epoch 1
G I IR DI ZRaB AR . T S 800 AR 8 50 IR 4R 1Y)
PEREIEAT A B %L

A SCHTHE Y FaQ2 HESL R H 4 B 16 G 1 V100 if
I, AEIZ5 5 h s sy .

4.4 KPHER

AR GE T — 2 T N-gram A B B v R Al e s
i 1 E : BLEU-4"2'  \METEOR'® #l ROUGE-L"*. ¥
Mk, BLEU-4 Bt T A& 24U 19 4-gram ARG B, ROUGE-L
6l FF 35 - 8 A bR 22 ) SR 2 ST R B RS BE RN 3
(5] f 38 A 4 {8 K35 F 70 %0. METEOR &2 T BLEU
S RNEE e R AN I B = W2 VA5 7o S R R RS i DS )
FETT PREL AL F 3 BOEBEAT

F1BIR T FaQ2 AR 1 LA AR EHLAR LN T8
Fr b B4 B ORAR R R FaQ2 95 3 . R T A Hedse, ir
A By FELAEHUER A F Facts-to-Query B B A ) 25 3R] 18]
YERFIA . ASCGRFEAT 1 AU KG £ BIVE A i A 13H
RSB BAE R SCHHE . 4558 W, FaQ2 78 =N JE %L
PEAE LA T IrA B R8T . Bk U, M%) T SGSH
(ChatGpt) , FaQ2 7£ CWQ ¥ BLEU-4 /0 842 7+ 1 2.27
ANE YR E WebQSP FHE R T 3.84 N E /34, 7EPQ |
PR T 13040 E 48 S5 IRFEIET, FaQ2 £ METEOR F11
ROUGE-L X P45 br Lt 5 351 T RE i Ay

R E R, Zero-shot H L2A B E -, K- E
AR BRI T 2 LS . MHQG L7 LY Zero-shot
1 L2A BERY R B 4, KR & R T 3 F Transformer
YRR Z A T T T I LR A P RNN H
JC B AR 5] B . 55 Seq-to-Seq #E U 24BSIRH L, KT
GNN [ i it i 76 SR A 36 Ry T 2L A e 3, o 3L 1
RNN 9 9 5 7 A1 3% T Transformer 1 Zr 5 i ¥ 0L AR 47
b AR T A ) 1R A P 25 A A S . I, FaQ2 il BiG-
raph2seq 75 W 4~ FEE KA BRI TR R
BiGraph2seq "1 fifi i Bi-GNN, 7% 3C I % il DCGCN >k ffi
AT Z A A AR R A H L TR A, FaQ2 78 ff A% i 7
FHE A OB AR A ) A5 B 4 e B R . R



% o6 M gk H T I AR I B B A Ak () g A A 4 2111
F1 E=ADHIEE FONBRIENERER BT %
) CWQ WebQSP PQ
Tk BLEU-4 METEOR | ROUGE-L | BLEU-4 METEOR | ROUGE-L | BLEU-4 | METEOR | ROUGE-L
L2A 4.01 13.78 30.59 8.01 19.45 32.58 1823 20.56 51.45
Zero-shot 6.37 16.32 32.10 9.45 21.52 34.78 20.55 22.76 53.32
MHQG 9.35 19.42 35.78 13.34 24.88 39.14 26.76 33.27 59.27
MHOQG w/o Stagel 8.27 18.32 31.67 12.27 24.58 37.43 25.99 33.16 58.94
BiGraph2seq 26.01 28.12 53.58 27.86 30.24 62.77 59.23 44.57 75.38
BiGraph2seq w/o Stagel 24.01 25.67 52.13 25.11 27.23 60.13 58.15 4378 74.82
T5 2422 24.08 51.26 25.58 28.48 60.36 57.82 43.52 74.62
T5 wlo Stage 1 2228 22.04 49.23 24.62 27.48 59.77 56.70 42.62 73.48
JOINGT 25.02 25.42 52.42 27.52 27.93 60.76 59.32 44.39 74.82
JOINGT wio stage 1 22.87 23.83 51.36 26.72 26.72 59.94 58.11 43.26 73.62
DSM 27.23 27.57 53.92 28.94 29.58 61.22 61.02 45.57 76.33
DSM w/o Stage 1 26.11 26.48 53.04 28.13 28.85 60.76 60.33 44.43 75.68
ChatGPT 24.42 24.59 51.63 25.01 25.96 60.12 57.55 44.36 75.22
ChatGPT w/o Stage 1 23.02 23.62 50.32 24.34 24.86 59.46 56.68 43.95 74.84
SGSH(ChatGpt) 28.23 30.44 54.82 30.26 33.32 64.73 62.47 46.92 77.24
SGSH w/o Stagel 27.36 28.26 53.66 28.92 31.25 63.55 60.78 44.32 76.18
FaQ2 30.50 32.43 57.07 34.10 35.23 67.84 63.77 48.23 78.69
wlo Stagel 27.03 28.73 53.98 29.31 30.98 63.85 61.38 46.67 76.67
wlo GAIL 27.89 29.87 54.11 29.87 31.45 64.01 59.70 4478 75.48
AR AIEAR KRR BE AR T BiGraph2Seq. R2 FaQ2ERRXEE G EHERMRIL A%
TERL LR stage 1, U0l &40 1) [81 A2 R I, 2 A7 CWQ WebQSP
FIPERESS HEE T R R Xttt — AR A 1 i) P A s F#%RE | BLEU- | oo |ROUGE|BLEU| - |ROUGE
BIAT B . IEAh B GPT-3.5 B3R T R 1R 1% fn) 24 4 L 4 L
H: B (Question Generation over Knowledge Base, KBQG) Bk 1839 | 2565 | 47.16 | 3103 | 3254 | 6548
FE AR AEBUE BRI PERE . S50 (0 5 Je k(Y PLMs J7 v Z ik 26.31 | 30.56 | 53.24 | 3457 | 3437 | 67.02
(HI DSM) A H L 75 50 T 25 31 ChatGPT 78 JLAS B0 42 |- SURZH | 29.61 | 3217 | 55.56 | 39.59 | 37.42 | 73.93
(LTI ARG . SR IR S GPT-3.58] A3 H I Zéiﬂié’ﬁ 25.62 | 30.89 | 53.35 | 31.53 | 3346 | 56.92
B 7 T DUBRRE S B T GPT-3.5 il & — SRl H:W’J% 31.69 | 31.52 | 57.85 |33.13| 3584 | 71.85
PR | 32.53 | 3446 | 56.92 | 2530 | 27.90 | 58.66

BRI ORI (35 S, TS BE B A ELAR A A 1 F
SR G s A [ = N E

b Rk ) ) BBk R) 4], 2 4 ) ) AT 43R
TR . A SO CWQ FiT WebQSP K8 5 v i 1) 1) 4
HEEL 2 1 T 7R A 7S R ) A 28 R R A 3 43, OF 0 i T
FaQ2 ZEAN R A) )2 |- iy SEER 45 5 , ik 2 firo . Al LA
A, FaQ2 v] LA AR iR [R1 A | o o i & 2% )
AL A A T FaQ2 78 52 2% R b iy Az BUSCR  FaQ2
T8 B )R] A R A RO BT AN B . — AT RE Y
LR BBk ) A 7 CWQ B AN 249 1%, X 30T
FaQ2 TEYI ZR i AE7E R PG 1y Rl R
4.5 HRRSLIE

J T ERASIHT FaQ2 £ A EH A S5CR AR SCilk AT T
THRLSE G, BI4» B B 1 2 10 1 A B2 A AR et S
fhef I B, inzk 1 iR .

(1) A9 B A AR ROR 0B . b ik, 30 A
R E K S AR KG B RS AT A m) a) . 2 T
56 UE A5 1) 1 AR AR I ASOR , A GBI XA R IR0
FaQ2 Fl =4~ 3 £ 45 8 (MHQG , BiGraph2seq #11 SGSH)
BYSE R, ER 1 Frs . WAR X ISR AR AL [ A i 1]
A NAR G L AE CWQ Al WebQSP %04 45 E (1 fE#RA tk
FNRE . XIGUE T A A AR A RO AR R T
DATEASE R AEAE A 18 SO SCIRLE . SR, 3 LB R AE PQ
A EVERE T RER AN . — AT REAY SRR PQ
B AR b Y 7)) 2 Fh T 3 R AR A A Y, 2 BBk
5 22 B IX P AR 2 B ) ) 4 18, S AR KG 7 (&R H AR )
) 22 ) B A ) R P 2E BRI AN &

(2) A OB 27 2D ORI . A SCHE =AU
B LVEAL T RSB AR OB 5 2 B FaQ2 AESE .



2112 W T

EE 2025 4F

BRI TR 25, R0 AR AR TR B AR R A
JE AR R AP LRI R . R R g SRR R
AT 27 2T YN R S m] LA T 0] ) A o ) 2 A4
fig, oA e AT LATE AR s m) A i A 4 Ry 4g S, F o e g
Ot 22 7Y 1) A

AN AR SCHY S 56 45 2R 3R B < T N R A s ox e A 2
2R RS, FaQ2 Al BiGraph2seq 5 2 1] ) 3= EL X 5]
EE g, B e A —2. ZIER A ER,
FaQ2 7E A A O LSS A 2 S] R A5 00 R L PEREAT
SR T BiGraph2seq. iX 15 FaQ2 (1) g fith s ] Lo 4
b AR AR A ) L Y A B AR R A B IS TR
Z ) (0 2R
4.6 ANIZIGoHT

Br T Bk A S EARESL , A SR AT TN TS

B o3 M7, 23 0l DA RS PR AHE 22 FaQ2 1 4 16 18] A= A% Y
gae

]

—t

[Ny

(1)FaQ2 B ARHELEPEAL . D CWQ IR 5 Hh B Lk
$£ 100 4> 0] 4] 4T T3 PPAL . 2 SCKF FaQ2 F1 SGSH 7
DAL A ) [ A L X, IF AT BEALEE S . P44 A
FEBRTE LSRN =5 A W R AN TR, F AR B D
A B A T /) 4 37 iy A AR AT B A T A R DA T )
R L FREE i E T D i fE
BB RINR IR . SR R AR SRR B B R
WU e T A = AN EE4E b FaQ2 127 s BE | IE A M AN
i SCUC B B = A4 Ty 1 2% B G 1) S 4 o 2 i R A
WebQSP Fll CWQ %46 5 | . 25 5 % 0 FaQ2 i 1%
JE | IE R DT e AR B A D T T AR AR A
14 5T

£3 FaQ2 5 YRTHREFHEE SGSH(ChatGPT) I FEITfH & R

. CWQ WebQSP PQ
Jin i IEAf T WUCEE | TEAf T WSCUCRCEE | IERbE | 1B X UCECE
Win 19 37 28 35 35 29 7 10 5
Tie 79 59 69 59 59 64 90 86 92
Lose 2 4 3 6 6 7 3 4 3
(2) A i) B A AR PEREVPAL . o 1 ik 2 1 [T A= i D 1 e S A 55

PEAE N [A] U 2 2R BE Y KG 1 AR 5 e, AR S
KTV 7 AT . 55 M AR s i 18] 5
AR TAER D, AL ChatGPT Jy JEER Y | 38 15
T Prompt 4 /37 514k KG 7 B 5% Ak R 6 1 i 2 i 1, 7R 0
AR SCAR A F X EAR A

W44 N Zbm i 35 B R M A A 160 ] 1% o 12
BEFN TR B4y KSR 4 IR AR A Win  Tie Fl Lose 8 41
VEATVEHY , 76 A R ) P o A v O 1, A SR TR T
ChatGPT, | & Win, JZ Z 4 Lose. [RII, A THREN
[ KG i B, AR SCHL A3 B R BE T CWQ Bl 5
X KG F Y 50% . 75% A1 100% , N T 3FAf X FEAEAS
I RIS A i s Pl A v f 1, n 2 4 BT

R4 THEEMSBEZS ChaGPTEKC MIERE R F ML R

ks CWQ_KG(50%) | CWQ_KG(75%) | CWQ_KG(100%)
Win 50 78 96

Tie 123 98 82

Lose 27 24 22

H1R 4 TR, B KGALBE 28 K, A SO A A
1) P A s VR 1 5 T ) R B AL T Chat GPT, X J2:
DR R B KG MU R, AR SCRE Y AT LA R A 84 M 5 37 Al
FRE T B U OC R X T ChatGPT T & L 51 A
N 7 T BB , A TS S5CH: A i A i Pl ) T 1 38
REAR . XU BER] T A SO e Y 1) A5 30 ] A il RE B

4.7 ZHEENSH

H T HRE FaQ2 TE AR RV ERSE KN B0 43 A FAS
] 45030 (92 AL PERE , A SCor i HEA T T 505G, an e 5
7 R IR FaQ2 (45

F5 FaQ2FENSEHBERNRERAEEESE  B07:.%
CWOQ(25%) CWOQ(50%)

Trik BLEU- | METE- | ROUG | BLEU- | METE- | ROUG

4 OR | E-L 4 OR | E-L

BiGraph2Seq | 22.98 | 22.26 | 49.59 | 25.00 | 27.12 | 52.77
TS 23.28 | 24.86 | 50.82 | 25.82 | 27.04 | 53.10
SGSH(ChatGpt) | 25.12 | 25.84 | 51.66 | 27.18 | 29.32 | 53.62
Fa(2 27.68 | 28.82 | 54.07 | 2932 | 31.23 | 55.97

(DEHEER/IN . BT, Ao 5N CWQ %L
PEEEHRAE T 25% .50% R4 8 . IR AE R fn
T IR RGN T, ZE MR A PERE .

NFE 5 AT AT, FaQ2 il 3 2o A5 R0 7R I 25 8503l A 15 40
WD IR RORYERE R B, 75 BLEU-4 4845 b, M4 T 54k
FE A SGSH, 7 SCHEZRAE 50% F125% T FE 10 43 3%
b U AR SCHE SR B — 2 172 1L g

(2) AN [a) B 46 0 A . 6 8088 o0 A 7 T, AR SCH
CWQ HP 1 B4 4 B [m) ) AU A 74328, X S e vp
B — R RE A IR BEAL B O REAS , 2 B B 4k
e an =5 6 i .



o6 B BRI R P A B B A e Il A A R 2 2113
®6 REHBEN R AREAR % JRAE SRR IR AR EIR A5 B AR I 7 TR

VISRAE | Bk | 2ok | HmLTf | SeiRgysl | FEBR | iz TRFIR FaQ2 (4

a1 | 45 | 17 15 10 10 3 i 2% 7 AT A0, Y I ZR 4 v B HE BB kA AR BT

Mekde2 | 20 | 25 15 20 10 10 FaQ2 1 HE 2R A A0 00 St 25 it 2 2028, i AR X F 24 Ay e

AT IAE R FEAS LR AE A 2 EEAT IR,

P B FELE AR SGSH (ChatGPT) , FaQ2 4 P e 25 Ak AH Xof
BN, U FaQ2 HESR LA — i 112 fb e

£7 FaQ2 RIS R EME R %
‘ I 1 g2
ik BLEU-4 METEOR ROUGE-L BLEU-4 METEOR ROUGE-L
BiGraph2seq 26.21 28.18 53.86 25.82 27.92 53.48
T5 24.33 24.34 51.78 23.58 23.64 50.26
SGSH(ChatGPT) 28.32 30.54 55.78 27.26 29.57 54.01
FaQ2 30.74 32.55 57.62 30.02 32.03 56.57

(3) AN [R) TR . o 1 Bk FaQ2 HE S i phe i X
I SR AR AE AN ] 45088 By ] 4™ A, AR SCAE AN [] sk

b Sl i T 1T T

li] L 5

KG 1) %5 95 4

MetaQA , Z5 5 4N3 8 FIr7m KR /R FaQ2 A 45 5L

I (type constraint) F1HEJF £ 5 (Ordinal Constraint). 4l
Pl 4 Jiro , 4t A AE B T LA ok e Jo k1) A2 2% ) 4]

Comparative Constraint

T oy
e D
IR

@ i

o Champion '@P}T‘;’U@

&
Stage l.@
I

QoD

Stage 2: £}

BiGraph2seq: What team did charlie frye play that won
the Super Bowl XI?

Our Model: What team did charlie frye play for in 2009
that won the Super Bowl X1 ?

Entity Constraint

Stage 2: L}

BiGraph2Seq: What is actor's sister who played in
the film sabrina goes to rome ?

Our Model: Who is the sister of the actor who played
in the film sabrina goes to rome ?

£8 FaQ2¥E MetaQA #iRE FHIRI A%
o MetaQA
BLEU-4 METEOR | ROUGE-L

T5 30.988 33.69 57.92
T5 w/o Stagel 29.330 32.72 57.13
ChatGPT 28.620 28.12 56.88
ChatGPT w/o Stagel 27.530 27.17 55.13
SGSH(ChatGPT) 34.250 30.68 60.92
SGSH(ChatGPT)w/o stagel 33.270 29.35 59.44
FaQ2 36.440 38.25 62.36
wlo stage 1 34.220 35.83 60.92

2% 8 T HT, FaQ2 Ay PE R HL T T4 FELR B AY | 53X
Vi FaQ2 A6 1 7 fi phe i SCIEE T T8 A5 %%, I BLAE
ATl A b LA T R v AZ A RE Sy L e X
SR, A4S SC 3 B3 1 1 P A i) B A AR KG T [R5
Ak A T 30T ) ) L 8 A 6 LR i D . A RS B A 1A [
AR IR, 3 1 AN 8 I Rl L BRI R L X
AU IA T 25 1) P A e A A Rt TR, e i T AR
SCTE fif DR S Sl i A 5k
4.8 EGIFAR

(1) FaQ2 %& AR HE 42 75 A [ [n] ) 28 AU 1= 119 22 151 #rf
8. AN 4R A SR T — AN e IR 55 i 1, LA
5 B AARHE B A RO . AR SCRE LA ARE T — 2875 R 1Y
BREF A B KC TR, T AIME N FaQ2 1y
A .k P ) ) A 28 R R AL A T L O B FaQ2
JSCRE B 149 Tr) AR . A 14 ) 4] 288 B A 4 BU 3R 24 3R (com-

parative constraint ) AR AR ( entity constraint ) A

Type Constraint Ordinal Constraint

o an s Performance e Realease datg—
O e G e L e €T}
Stage 1: [},

©)

Realcase_data

ST ct Performance
(= @,, @MW
@

Stage 2: L&

BiGraph2Seq: Which is the earliest film that Adolphe
le played?

Our Model: What is the earliest film that Adolphe le
starred in?

Stage 2: {}
BiGraph2Seq: What country has the capital new Delhi?

Our Model: What country bordering Sri Lanka has the
capital new Delhi?

K4 FaQ2 e A [E Al 4280 b R 2010 br

(2) FaQ2 7E4b PR [] 2 U TE L SCHY SR 91 F 5T
AR SCTHT [11) KG Az 18 7 g 4008 e UL 9y o SO OB GR , %of
T B SCR R BEAT VA4, AT Loy g =28 749 i A R
SCAE BB SCMZY AR BB SC . fUfE BB A 5 A=
JC 7 e v it B AT A R BOR TR AT AR R R
SRR A R A R T3 R TR SE R
AR ARE BBUGE T KG T AN & R B AR
B R R dwe /N HE e 25 R B A 4 B AR B A
IERIBMRER.

N T B IE FaQ2 75 fiff PR AN [R) 2 U TE LB SCRIAT 3K
P ARSCHAT T IR R BIRTTE, N 5 B



EE 2025 4F

SGSH
w

ZFaQ2HESH —
BrBUR 45 5

hfE R

Type:Multi-hop

CLY LV Y
B B

Type:Multi-hop

5 FaQ2 7E X AN [l i S SR i 20 5

F P S AT, AR AN [R] 2 B 3 SL ks S, AR 343 5)
AT T RBIBFFE . RS — A6, i T AR KGF
B T “Ye Li” 75 55, 73 SGSH w/o stage 1 4= Y15
MBRER T S E R N e 2 A i T sk i Ay, 5 H
P2 Bk (Multi-hop ) ANFF . FESE A S0, FEZR AR 7Y 5
T 11 5545 B “Schwarzer” , i FaQ2 It R FH A9 [ #if 25 1)
2RV 50 53 W HER 25 R N 2505 B L e 2 LA
B B A] . S, 7E 20 = ARl B
T K BB 42 1T LA “ country_code” ¢ R A5 B, T 3UE LW
[F) ) 3t R AR OGAE B, . fE e — 6, i T KC T A
A B R ZE S R BT B BOTC IR AR T PR AR
RUE S, LAY | FLBR A AR SO s 1 A i 1 A
AT LI KG A A G R B AR B, e & A R 2
PR BRI SR ) )

5 MAXIME

5.1 [EAEK

KGQG A F A5 50> 5 030 1o M A e &5 449 fh 25 1)
Hh R () ) SCOAR, R S UG ) A A T E A L X
i 35 25 ) DEAT VRN, AT DL E R T AR . — 28T
O A R4 Do A A L ] 2 ) B W 2 ) HE 4
R R AR | T PRAE 34 2 R 9T 48 e ) g 2 i i
ANJEIE R IR b 3 T AR 2R H R A - i
B 38 3 3 5 A E B A R . R T
PEHIR AT RNN, T4 KG A 253924 B SR 1R
)L AR SCHER (3] H ) An) 2 L T RNN A5 A A g
B, R A AR Y = ST SR R . o T R
TR D 3 A 9 ) R S A 2 R A P R, Sk 2] R
WiKidata i RHE H 1915 B 76 gt 25 - i 245 2840 vh 5|
A TS SpLa], DAt As ) A B R L SR
R ST E AR T ORI R, SCER[S AR T
— 2 R RS- R PR A T ZRER BT
SC.R T RS SCERAS ), SCRRL LR T — R
Fw RAZRANE LS 1 KGQG R AL . SR, 1xX 2
RV G T M BE 3K Y KG 1 R Hh A g B0 Bk ki £ Bk 1]
A TR 0 25 T RININ A9 5 780 OO 125 Ak 4 ) 68 4 504

SCHR[4 4R T — N TAE KG AR il 2% i) 22 Bk n) 4
(SR A, SCHRL 13 TR T Bi-GNN BLREXS KG 1[4
PEAT AT . SR, AR AT B4R S5 B P B T KG BRI
A5 REARAEAE B U AT T AN e AE B PR AR
LYY B S )] AL LU 2 SROFIHE P 295 . STk [41]
P T T R 3R 00 07 1 0 T K G [a) ) AR 4t
S5 1 A DAL 38 1) [ A

TE AR R A 52, R B AE 5 B AU (Large Lan-
guage Models, LLMs ) 7 [m) ] A= s AT 55 T 1 9 . 75 5]
T Z MRS RRE . H5E, SCk 42 1321 T SCSHAE
20 IMESE B AR 1 25 SRR e TR U GPT-3.5
B = w i SRR, NITTTE KGQG AT 55 Hp 52 B e 9 v
AE . X7 R A BRI SR 4R, AR
PR RS Y 2 BART 88, 2k i 5 B4 ASCER 1Y &
20 DTSRI T — P 47 B (48-SR5 LLMs A= 5 5
PRI . RS, SCHR[43 197 & (1 Tool QA Hicdl £ £ X
LLMs 7 [0] BT 55 v i 41 0 55 B0 B Rt 48t o 7
FI ISR T BB 58 LLMs 9 [0 27 68 7 . G2 LLMs 42
M55 S AE B & H T B, ToolQA B 7E MHE# T AL
LLMs i AR T H AT 0 RE ) . #E—0Hh, SCiik[44]
FEH T —NHH 2 £ €6 LM A0 B R fif ok 56 T R
T A7) 2 (Knowledge-Based Question Answering, KBQA)
55 G —HESL . ZHESLIE D FF LLMs /A5 ic Sl 24
i (R RSB A DS RE ) ) e b B KBQA FAE 55,
UEB T LLMs 7Eff P 52 22455 77 THI 8 235 PR R s 5k
R, SCHRL45 JERR T fn ey e ik 4 1l 5 Uy S 0 ok
R LLMs 7E [0 245 R ge i i 3R, JUHE 8 IR &
6 OO TN EEMI L RAR ) FFAERT . X LW AL
TR I A A R [ 2B A 5 R TR AL F RS AL B
KW, AR 1 38 40 A 79 7 A FEZR BT, dnde]
A RCHAZ B RN T LLMSs (9 138, DA 7E 4 A NLP AT 55
Ik BT T A R PEREK P
5.2 W{AES

02 T 0T DI 1 e 2 33 W 5 7
253 VP AR Jy T T B 15 Uy i
J& 38 1o 1% 5% Ak 2% 2J (Inverse Reinforcement Learning,
TRL) 7 31 5 £ 14 42 Jih o 50K i B 4 AT R . 8K
M0, TRL 5 AR 27 > R FA v figp ke i Al 2 ~J ) T, 7 R Y
B s A7 8 st p AU . R SR AR
T A BRSO 2 291 B il FH A BT R 4 (Geen-
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