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Abstract: Knowledge reasoning is an important method to complement a knowledge graph, which aims to infer unknown
facts or relations according to the existing knowledge in the graph. As the path information between entity pairs is not
fully considered in most reasoning Iﬂetﬁods, the reasoning shows low efficiency and poor interpretability. To solve this
problem, this study. perosesH‘ TuckER embedding with reinforcement learning (TuckRL), a knowledge reasoning method
that combines TuckER embedding and reinforcement learning (RL). First, entities and relations are mapped to low-
dimensional vector space through TuckER embedding, and the path reasoning process is modeled using RL guided by
strategies in the knowledge graph environment. Then, the action pruning mechanism is introduced to reduce the
interference of invalid actions for action selection during path walking, and LSTM is used as the memory component to
preserve the agent’s historical action trajectory. In this way, the agent can more accurately select valid actions and can

complete knowledge reasoning by interaction with the knowledge graph. The experiments on three mainstream large-scale
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datasets indicate that TuckRL is superior to most of the existing methods, which demonstrates the effectiveness of

combining embedding and RL for knowledge reasoning.

Key words: knowledge graph (KG); knowledge reasoning; TuckER embedding; reinforcement learning (RL); path search;

path planning
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1%, Dropout 735190, 0.1, 0.2, 0.3, 0.4}, &ALk
num_epoches FIL K /N batch_size 537124 20 F1 128.
43 LWHERSHH

N7 SR TR T VR TR RE, SRR TransE.
DistMult. ComplEx F1 ConVKB”, i Ffj Ak, 27 =] k4T
HEPE (K #17 DeepPath. MINERVA. AnyBURL I
RuleGuider 347X} b 5256, 15 AR TuckRL 1K
B, Seah gt BNk 2 R, HAAE AL se a4k 3
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1 SOk [27] 45 OSSR, B8 2 TTAn, FE T RN AR
BB AR LLER T 5, (R AE 2 N HUR 4R BB A5 AL 2
ANHE I, R DR AT RE R JE RN 7 V20T LUK KG
™ = 0 ZH WS 1 48N 25 ), AT AT DA 4 i BE A [
(B M 17 TuckRL 9 1E f& R T R AR AL (13X A
e, A3 T ORAR I 528645 . /£ WNISRR Fl FB15K-
237 ¥ S B LG H A T VA B WA T, JUHAE FB15K-

237 Hi4E b, F BRIV RE & FB15K-237 SEAR 2 ]
FEAR K BEK, TE AR R Hh 2 1R G B 1) 1E A 2R B,
ifii TuckRL 71 FHZNVEME B AT LSTM 2t #8456 24kt
o TIEFE LB, BARAE KB EHE 48 NELL-995 |
AL RN T MINERVA %4 15 5] 8 2 0505%, (=
Hits@1+ Hits@3 1 MRR 8 Fr0EAL T i BB 7Y Rule-
Guider 12 ik AL

£ 2 AFEHERL T AR FHHELE Ay p RS20 45 R AT HEE (%)

Model NELL-995 WNI18RR EBI15K-237
Hits@1 Hits@3 His@l0 MRR His@l Hits@3 Hits@l0 MRR His@l  Hits@3 - Hits@10 MRR
TransE 40.1 — 352 34.4 289 475 56.0 359 . 1278 4198 37.6 44.1
DistMult 55.2 — 78.3 64.1 41.0 — 475 83 304 — 60.0 417
ComplEx 63.9 — 84.8 72.1 415 — 469 | 434 32.8 — 61.6 432
ConvKB 47.0 57.0 64.5 53.1 15.8 495 | 558" 365 29.8 324 47.1 38.9
DeepPath 52.6 61.5 77.3 63.8 353 367« 428 39.2 16.9 24.8 35.7 22.7
MINERVA 66.3 773 83.1 72.5 413 456 51.3 44.8 21.7 32.9 45.6 29.3
AnyBURL 44.0 53.9 57.0 — . &9 49.6 53.7 — 26.9 384 52.0 —
RuleGuider 65.0 — 831y 129 422 — 53.4 449 31.6 — 55.1 42.1
TuckRL 65.8 785 . 835 73.1 435 54.4 57.3 477 36.9 46.3 59.1 42.6

T Dﬂ*ﬂ?ﬁﬁ%%%ﬁtﬁ:%%%. T il o e S 4 L.

4.4 Dropout 577 #f

N T SRS BY S TR A Mk R R, E
FB15K-237 5| A Dropout={0, 0.1, 0.2, 0.3, 0.4} #4175
5, trH # Hits@N M3 5184 MRR 1) Sk 45 R
WK 3 fiows, W LA EEH), Hits@N 1 MRR — T U665
Dropout HJ34 i 75 2|#2F+. /£ Dropout=0.3 1% 2| & 5
{8, JEZ G TP BT R B, JLIHAE Hits@10 VAR fiabr b
BN, 4T el N, — 6 Dropout SEHL T B/EIEEY,
T ARSI KD, S v T B AR 3 R IR A 1
X, {H 2R # Dropout BN, A —LAg M zh ke
PEBEE KRR FE, TS50 R PEK.

65

(.1
60 - ().2
== (.3
55 + = ().4
E;E\ 50 |
B
& 45t
40
35 +
30
His@\  Hits@3 His@l0  MRR
BRIEELD

B3 ff FB15K-237 #3545 LR [A] Dropout R[] 556 45 1
4.5 HRASELG
Y WFFEAS SR TuckRL 1 4 AN2H A ) 22 B4k,

= N

7£ NELL-995. WNI8RR #ll FB15K-237 ¥4 Lt
H #t TuckER #k A\ /7% (-TuckER). #Fk Dropout
(—Dropout) A% % A 4048 LSTM (-LSTM) #4774
RSB0 T 9, K B AT Hits@3 R MRR 245 R 5%
MBS HEAT 1 HOER, SRER A Rk 3 Fros. Bk 3 nl A,
%ZB%Mﬂ#%ﬂ%%%ﬂ%ﬂﬁﬁé@ﬁ%, BEAS LA
PRI () e R 8 R T:@E@ﬁziﬁ. - B

LB LR s R

L NELL-995 WNISRR FBI15K-237
M\i “ . "His@3 MRR His@3 MRR His@3 MRR
TTuckER 729 703 462 449 400 398
Dropout 763 719 526 463 451 416
LSTM 696 684 495 402 377 365
TuckRL 785 731 544 477 463 426

TEIZH RS, 1 0k TuckER R A\ & #ey Com-
plEx KA\, JF 4645 B 7E NELL-995. FB15K-237
WNI18RR $#5 4 1) Hits@3 F1 MRR 43 545 A [ 72
FERTR I, B RT W, — MR R AT R A DT VERT T A
PUHEEE /R F 0 2 BN B 2 1 24 %2 F% Dropout zi{E
TN, RIS N ()45 A I3 1 BRI, ttkw]
WL, MR AR 25 3 A A 2 XoF SR 9 28 v B AR (1) A A
— B WA f Jo A& P ] Ld Az g S BE 2 1) LSTM
YA, R G, R R A ORI 1 T 1 S A 0 S g o 2
KIEFE TN — LB, H B IIES 27 LA hy, SE
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W5 AT LWL S BCAZ 0 LSTM X TR f 1 R
A E .

5 g5

ARSCHRH T — AL T 3R 2 ST 1 R P e
¥ TuckRL, 1% 7 ¥l & T Fo5 2 SIBAL 2 3T, it
Hy— AN AT 0 R AR A S, TE SRAL 2 ) R A AT
e FR L BN B AR A L A2 eR, 31N T Dropout F1E
EBHLEIRT LSTM #2845, HIH 2 AT i Ak 22 5] T
1, B A 28 B A 7 e B O A R R
R, T 58 B R R AT 45, SEI 4 B E T
ARSI B, (ER ST RL (00718 53T
VETEAN MR LI 2 BRI SRARLE . T AR IOTF e,
BINYE 7 JIHLE e 05 40 JE 5 543 B AR (7] (AT, M T
SELUEF AR 65 A S 2 1] 53 AR R B SO, oK
1530 S I AR AR g
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