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Knowledge-based inference on convolutional feature
extraction and path semantics

CHEN Xinyuan'"’, XIE Shengyi’, CHEN Qinggiang’, LIU Yu’

(1. College of Computer and Control Engineering, Minjiang University, Fuzhou 350121, China; 2. Department of Information Engin-
eering, Fuzhou Melbourne Polytechnic, Fuzhou 350121, China; 3. Teaching and Research Division,, Fujian Vocational College of
Agriculture, Fuzhou 350181, China; 4. Information Science and Engineering College, Fujian University of Technology, Fuzhou
350118, China; 5. Modern Education Technical Center, Fuzhou Melbourne Polytechnic, Fuzhou 350121, China)

Abstract: Embedding-based feature extraction methods usually ignore path semantics; there is still scope of improve-
ment of relational path-based algorithms, which generally consider single paths. To further boost the performance of
knowledge-based inferences, a self-defined convolutional neural network framework was employed to encode multiple
paths generated by random walks into low-dimensional representations that are merged to form a single vector of hid-
den states with long-short term memory (LSTM); this is accomplished by combining the attention mechanism-based
processes. Semantic information of multiple paths is integrated with various weight distributions used for measuring
probability scores of triples comprising candidate relations and entity pairs to determine whether the triples hold or not.
Link prediction experiments performed on NELL995 and FB15k-237 demonstrated the capability of the proposed mod-
el. Scores of F; and other indicators also confirmed the advantages of our framework compared with mainstream mod-
els. The model was further tested on FC17 and NELL-One.

Keywords: knowledge graph; knowledge inference; embedding representation; path information; convolutional neural
network (CNN); long-short term memory (LSTM); attention mechanism; link prediction
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Table 1 Dataset Statistics

G/ S #entities #relations #Train Set #Dev. Set #Test Set #Tasks
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NELL-One 68545 358 5 11 67
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Table 2 Performance comparison on NELL995 and FB15k-237

Sl NELL995 FB15k-237
MAP MRR Hits@1 Hits@3 MAP MRR Hits@1 Hits@3

DistMult 0649 0.860 0.752 0.865 0.532 0.558 0.446 0.573
DeepPath 0.811 0.852 0.808 0.884 0.553 0.495 0.449 0.524
Single-Model 0.827 0.833 0.765 0.903 0.525 0.512 0.496 0.557
Att-Model+Type 0.838 0.847 0.783 0.905 0.558 0.556 0.513 0.626
ConvE 0.812 0.862 0.826 0919 0.536 0.509 0.430 0.527
G-GAT — — — — — 0.518 0.460 0.540
M-walk 0.829 0.848 0.834 0.910 0.532 0.488 0.475 0.543
PKICLA 0.846 0.859 0.829 0.941 0.564 0.589 0.528 0.671

i — 25 3 U 43 R IR R B A A A, L A
LA NELL995 ¥4 48 A [FAE 55/ ¢ & L) MAP
855, W& 2 7R . DeepPath {5 [& T Jm#BFRAE,
Single-Model W] fift /b5 A [A] 1 SCOGHK 1Y ¢ & B A2
(R E 43 e, PKICLA SR &R T 3K P FP A AR A2
TE 10 Fp EZCR LRI Uit 7. M At
Model+Type, PKICLA 7£ 7 F ¢ & bt HAT L3,
¥ |7 athletePlaysForTeam Fil bornLocation & 74
KZ& I, PKICLA A8 W] BT (29 2.7%), Ui
FRARAE 42 B+ XL LSTM 1Y B% 4% & I A B T H2 B
JaiE

= DeepPath = Single-Model :+ Att-Model+Type # PKICLA
1.00

B 2 NELL995 R [EX & LK MAP 3
Fig.2 Comparison of MAP scores on various relations of
NELL995

FC17 ¥4l 48 Ly s oo 25 R an 3k 3 Fiow, A
It Att-Model+Type, GMH %5 & 1 &I 45 ¥4 (1) 35 1k
FROE, — 8 R 22 i 1K B 0 4 B o 1) oAk
O F At B 3500 5 (X R IR BAR . AE 3
fEtr b, PKICLA #8451 i 43, 1B PKICLA (1)
PR R 2 Tk By, M GMH HESE A] [ 38 N
B IR B, A AR K R T AR 4 BT S5 b nT B R
BT

#3 FC17 LHyIERELE SR

Table 3 Performance comparison on FC17

T MRR Hits@1 Hits@3
Att-Model+Type 0.243 0.114 0.154
GMH 0.254 0.139 0.183
PKICLA 0.282 0.146 0.188

NELL-One #8509 SC 50 25 S an 3k 4 i,
TE 1% A W H] Gmatching HE42 [, PKICLA HY few-
shot 1M 5 77 B Y2 5 F TransE I DistMult, 5
HEZR S, 3 MBI PR RE#R A Br L7, PKICLA 19
PEREA SR JE e A, {HAHXF TransE(94.0%) Fl Dist-
Mult(65.7%), PKICLA 42T+ /)N (6.2%).

UEAh, A SCHER T AN SR 8B 55 % L R
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Table 4 Performance comparison on NELL-One

By MRR  Hits@l Hits@5
TransE 0.083 0.039 0.147
DistMult 0.105 0.066 0.136
PKICLA 0.178 0.108 0.197
Gmatching(TransE) 0.161 0.129 0.210
Gmatching(DistMult) 0.174 0.114 0.202
Gmatching(PKICLA) 0.189 0.143 0.226

®S5 NELLSHEE L ARLERBEBERE BKEK
0 LSTM # B9 LL 8t
Table 5 Comparison between different coverages, path
lengths, and LSTM models on NELL995

A I MAP MRR Hits@l Hits@3
Coverage=30%  0.842 0.855  0.824 0.936
Coverage=70%  0.845 0.861  0.825 0.939
Coverage=100%  0.846  0.859  0.829 0.941
Path Length=3 0.833  0.842 0817 0.926
Path Length=4 0.846  0.859  0.829 0.941

BLSTM"" 0.841 0857  0.827 0.937

Bi-GRU"™ 0.845 0.852  0.828 0.941

AICLSTM Model  0.846  0.859  0.829 0.941

A, PEGRILE U 1Y Single-Model 1 Att-
Model+Type £ %I A He i, H 5 H 5 PKICLA 7
NELL995 [ Ay Precision. Recall F1 F, 1543, &5 F 4
K 3. Kl 4 iF R, PKICLA % 84, F, 185 T
AN B Recall R34 K, Precision | i
W22, i 3L T 1 2 WL B9 i 8 A RE
D b D A8 5 G R, DA KA FR R VR A B IR R
fiE AP o

Precision mRecall ®Fl1
1.0
0.8+ %
& 0.6 -
i
S
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Fig. 3 Comparison of Precision/Recall/F1 on NELL995
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Fig. 4 Comparison of Precision-Recall Curve on NELL995

4 #ERE

AR SCGE [ S CNN AE 22 FDBLE LSTM
P = o R R AE, & I O R T 9 N B — 1]
i, IR 3 T B AL 0 O ik A 2 AR AR
M SfE B, Ttk — o d MR8 41,
3 SN AT ST RN @ R R o W VeV €1
R EHATAIRMERE, AR OC R MR ) g T RO,
Precision. Recall Fll F1 845 19 8 A R I 55 F &
A AL . PKICLA 78] H T few-shot fY#EFRAE 55,
A7 TG 6 A B2 08 3% A% 9 B B 4R A A R =
], PRItk TAEZ B S Ak S HELE | a7
15 BE AL UA 2 L FNTRZ IR S5 4 o 2 TR S Rl A
RERY DAY KTy 28 3 Y L o b, A S A B
— SR KA TR A SR IL, (AR R B 228
IR R AR A S o BeJe, M I R S
By SeAT 55, A1 xR R s R AR, LA K 9
FEOEAE B UL AR B AR B TAE T 1) o

% Lk

[1] LEHMANN J, ISELE R, JAKOB M, et al. DBpedia-a
large-scale, multilingual knowledge base extracted from
Wikipedia[J]. Semantic web, 2015, 6(2): 167-195.

[2] MITCHELL T, COHEN W, HRUSCHKA E, et al. Never-
ending learning[J]. Communications of the ACM, 2018,
61(5): 103-115.

[3] REBELE T, SUCHANEK F, HOFFART J, et al. YAGO: a
multilingual knowledge base from Wikipedia, Wordnet,


http://dx.doi.org/10.3233/SW-140134
http://dx.doi.org/10.1145/3191513
http://dx.doi.org/10.3233/SW-140134
http://dx.doi.org/10.1145/3191513

+ 736 ¢ O R

S S

%16 &

and Geonames[C]//Proceedings of the 15th International
Semantic Web Conference on the Semantic Web. Kobe,
Japan, 2016: 177—-185.

[4] BOLLACKER K, EVANS C, PARITOSH P, et al. Free-
base: a collaboratively created graph database for structur-
ing human knowledge[C]//Proceedings of 2008 ACM SIG-
MOD International Conference on Management of Data.
Vancouver, Canada, 2008: 1247—-1250.

[5] XIONG Chenyan, POWER R, CALLAN J. Explicit se-
mantic ranking for academic search via knowledge graph
embedding[C]//Proceedings of the 26th International Con-
ference on World Wide Web. Perth, Australia, 2017:
1271-1279.

[6] HAO Yanchao, ZHANG Yuanzhe, LIU Kang, et al. An

end-to-end model for question answering over knowledge

base with cross-attention combining global knowledge[C]//

Proceedings of the 55th Annual Meeting of the Associ-

ation for Computational Linguistics. Vancouver, Canada,

2017:221-231.

XWHGZE, s, MRATEIL, 55, FIRFoR 2= I Dot it e (7).

AT 5 R RE, 2016, 53(2): 247-261.

LIU Zhiyuan, SUN Maosong, LIN Yankai, et al. Know-

—
~
[

ledge representation learning: a review[J]. Computer re-
search and development, 2016, 53(2): 247-261.
[8] WEST R, GABRILOVICH E, MURPHY K, et al. Know-
ledge base completion via search-based question answer-
ing[C]//Proceedings of the 23rd International Conference
on World Wide Web. Seoul, Korea, 2014: 515-526.
XNIgs, 24, Bk, 55 R SRS JE R ZEIA (1], THFAL
W55 R, 2016, 53(3): 582-600.
LIU Qiao, LI Yang, DUAN Hong, et al. Knowledge graph
construction techniques[J]. Journal of computer research
and development, 2016, 53(3): 582—600.
[10] FRufpk, BEUkHE, BUama, 5. AR EEHOR LA (1] fi
FRHEFE2EA7, 2016, 45(4): 589-606.
XU Zenglin, SHENG Yongpan, HE Lirong, et al. Review

on knowledge graph techniques[J]. Journal of University

[9

[t

of Electronic Science and Technology of China, 2016,
45(4): 589-606.

[11] CHEN Xiaojun, JIA Shengbin, XIANG Yang. A review:
knowledge reasoning over knowledge graph[J]. Expert
systems with applications, 2020, 141: 112948.

[12] B FEM, B/ e, BUAVE, S5 T 1 SR AT RS B R e 2
ST HEIR [1]. BF244), 2018, 29(10): 2966-2994.
GUAN Saiping, JIN Xiaolong, JIA Yantao, et al. Know-
ledge reasoning over knowledge graph: a survey[J].
Journal of software, 2018, 29(10): 2966—2994.

[13] CAI Hongyun, ZHENG V W, CHANG K C C. A compre-

hensive survey of graph embedding: problems, tech-

niques, and applications[J]. IEEE transactions on know-
ledge and data engineering, 2018, 30(9): 1616-1637.

[14] WANG Quan, MAO Zhendong, WANG Bin, et al.
Knowledge graph embedding: a survey of approaches and
applications[J]. IEEE transactions on knowledge and data
engineering, 2017, 29(12): 2724-2743.

[15] NICKEL M, MURPHY K, TRESP V, et al. A review of
relational machine learning for knowledge graphs[J]. Pro-
ceedings of the IEEE, 2016, 104(1): 11-33.

[16] Bordes A, Usunier N, Garcia-Durén A, et al. Translating
embeddings for modeling multi-relational data[C]//Pro-
ceedings of the 26th International Conference on Neural
Information Processing Systems. Lake Tahoe, United
States, 2013: 2787-2795.

[17] YANG Bishan, YIH W T, HE Xiaodong, et al. Embed-
ding entities and relations for learning and inference in
knowledge bases[J/OL].(2020-01-01)[2020-05-01]
https://arxiv.org/abs/1412.6575.

[18] DETTMERS T, MINERVINI P, STENETORP P, et al.
Convolutional 2D knowledge graph embeddings[C]//Pro-
ceedings of the 32nd AAAI Conference on Artificial In-
telligence, (AAAI-18), the 30th innovative Applications
of Artificial Intelligence (IAAI-18), and the 8th AAAI
Symposium on Educational Advances in Artificial Intelli-
gence (EAAI-18). New Orleans, USA, 2017: 1811-1818.

[19] LAO Ni, COHEN W W. Relational retrieval using a com-
bination of path-constrained random walks[J]. Machine
learning, 2010, 81(1): 53-67.

[20] LAO Ni, MITCHELL T, COHEN W W. Random walk
inference and learning in a large scale knowledge
base[C]//Proceedings of 2011 Conference on Empirical
Methods in Natural Language Processing. Edinburgh,
United Kingdom, 2011: 529-539.

[21] NEELAKANTAN A, ROTH B, MCCALLUM A. Com-
positional vector space models for knowledge base com-
pletion[C]//Proceedings of the 53rd Annual Meeting of
the Association for Computational Linguistics and the 7th
International Joint Conference on Natural Language Pro-
cessing. Beijing, China, 2015: 156—166.

[22] DAS R, NEELAKANTAN A, BELANGER D, et al.
Chains of reasoning over entities, relations, and text us-
ing recurrent neural networks[C]//Proceedings of the 15th
Conference of the European Chapter of the Association
for Computational Linguistics. Valencia, Spain, 2017:
132—-141.

[23] HOCHREITER S, SCHMIDHUBER J. Long short-term
memory[J]. Neural computation, 1997, 9(8): 1735-1780.

[24] XU K, BA J L, KIROS R, et al. Show, attend and tell: neural

image caption generation with visual attention[C]//Pro-


http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.1016/j.eswa.2019.112948
http://dx.doi.org/10.1016/j.eswa.2019.112948
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2017.2754499
http://dx.doi.org/10.1109/TKDE.2017.2754499
http://dx.doi.org/10.1109/JPROC.2015.2483592
http://dx.doi.org/10.1109/JPROC.2015.2483592
https://arxiv.org/abs/1412.6575
http://dx.doi.org/10.1007/s10994-010-5205-8
http://dx.doi.org/10.1007/s10994-010-5205-8
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20160020
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.1016/j.eswa.2019.112948
http://dx.doi.org/10.1016/j.eswa.2019.112948
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2018.2807452
http://dx.doi.org/10.1109/TKDE.2017.2754499
http://dx.doi.org/10.1109/TKDE.2017.2754499
http://dx.doi.org/10.1109/JPROC.2015.2483592
http://dx.doi.org/10.1109/JPROC.2015.2483592
https://arxiv.org/abs/1412.6575
http://dx.doi.org/10.1007/s10994-010-5205-8
http://dx.doi.org/10.1007/s10994-010-5205-8
http://dx.doi.org/10.1162/neco.1997.9.8.1735

WRBTIT, 55« 455 18 BURFIE SR JURN AR 1R SCA0 TR e

* 737 -

ceedings of the 32nd International Conference on Ma-
chine Learning. Lille, France, 2015: 2048—2057.

[25] XIONG Wenhan, HOANG T, WANG W Y. Deeppath: a
reinforcement learning method for knowledge graph reas-
oning[C]//Proceedings of 2017 Conference on Empirical
Methods in Natural Language Processing. Copenhagen,
Denmark, 2017: 564—573.

[26] ZHOU Peng, SHI Wei, TIAN Jun, et al. Attention-based
bidirectional long short-term memory networks for rela-
tion classification[C]//Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics.
Berlin, Germany, 2016: 207-212.

[27] JIANG Xiaotian, WANG Quan, QI Baoyuan, et al. At-
tentive path combination for knowledge graph comple-
tion[C]//Proceedings of the 9th Asian Conference on Ma-
chine Learning. Seoul, Korea, 2017: 590—605.

[28] SHEN Yelong, CHEN Jianshu, HUANG Posen, et al. M-
walk: learning to walk over graphs using monte Carlo tree
search[C]//Proceedings of the 32nd International Confer-
ence on Neural Information Processing Systems.
Montréal, Canada, 2018: 6787-6798.

[29] WANG Zhen, ZHANG Jianwen, FENG Jianlin, et al.
Knowledge graph embedding by translating on hyper-
planes[C]//Proceedings of the 28th AAAI Conference on
Artificial Intelligence. Montréal, Canada, 2014:
1112-1119.

[30] LIN Yankai, LIU Zhiyuan, SUN Maosong, et al. Learn-
ing entity and relation embeddings for knowledge graph
completion[C]// Proceedings of the 29th AAAI Confer-
ence on Artificial Intelligence. Austin, USA, 2015:
2181-2187.

[31] KIM Y. Convolutional neural networks for sentence clas-
sification[C]//Proceedings of 2014 Conference on Empir-
ical Methods in Natural Language Processing. Doha,
Qatar, 2014: 1746—1751.

[32] TROUILLON T, WELBL J, RIEDEL S, et al. Complex
embeddings for simple link prediction[C]//Proceedings of
the 33rd International Conference on Machine Learning.
New York, USA, 2016: 2071-2080.

[33] BALAZEVIC I, ALLEN C, HOSPEDALES T M. Hyper-
network knowledge graph embeddings[C]//Proceedings of
the 28th International Conference on Artificial Neural
Networks and Machine Learning. Munich, Germany,
2019: 553—-565.

[34] NATHANI D, CHAUHAN J, SHARMA C, et al. Learn-
ing attention-based embeddings for relation prediction in
knowledge graphs[C]//Proceedings of the 57th Confer-
ence of the Association for Computational Linguistics.
Florence, Italy, 2019: 4710—4723.

[35] TAKAHASHI R, TIAN R, INUI K. Interpretable and
compositional relation learning by joint training with an
autoencoder[C]//Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics. Mel-
bourne, Australia, 2018: 2148-2159.

[36] ZHANG Yao, ZHANG Xu, WANG Jun, et al. GMH: a
general multi-hop reasoning model for KG completion[J].
(2020-01-01)[2020-05-01] https://arxiv.org/abs/2010.
07620.

[37] XIONG Wenhan, YU Mo, CHANG Shiyu, et al. One-shot
relational learning for knowledge graphs[C]//Proceedings
0of 2018 Conference on Empirical Methods in Natural
Language Processing. Brussels, Belgium, 2018:
1980—1990.

[38] NGUYEN D Q, SIRTS K, QU Lizhen, et al. Neighbor-
hood mixture model for knowledge base comple-
tion[C]//Proceedings of the 20th SIGNLL Conference on
Computational Natural Language Learning. Berlin, Ger-
many, 2016: 40—-50.

[39] TOUTANOVA K, LIN X V, YIH W T, et al. Composi-
tional learning of embeddings for relation paths in know-
ledge base and text[C]//Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics.
Berlin, Germany, 2016: 1434—1444.

[40] DAS R, DHULIAWALA S, ZAHEER M, et al. Go for a
walk and arrive at the answer: reasoning over paths in
knowledge bases using reinforcement learning[C]//Pro-
ceedings of the 6th International Conference on Learning
Representations. Vancouver, Canada, 2017.

[41] LIN X V, SOCHER R, XIONG Caiming. Multi-hop
knowledge graph reasoning with reward shaping[C]//Pro-
ceedings of 2018 Conference on Empirical Methods in
Natural Language Processing. Brussels, Belgium, 2018:
3243-3253.

[42] LIN Yankai, LIU Zhiyuan, LUAN Huabo, et al. Model-
ing relation paths for representation learning of know-
ledge bases[C]//Proceedings of 2015 Conference on Em-
pirical Methods in Natural Language Processing. Lisbon,
Portugal, 2015: 705-714.

[43] LUO Yuanfei, WANG Quan, WANG Bin, et al. Context-
dependent knowledge graph embedding[C]//Proceedings
of 2015 Conference on Empirical Methods in Natural
Language Processing. Lisbon, Portugal, 2015:
1656—1661.

[44] SHANG Chao, TANG Yun, HUANG Jing, et al. End-to-
end structure-aware convolutional networks for know-
ledge base completion[C]//Proceedings of the 33rd AAAI
Conference on Artificial Intelligence, AAAI 2019, the

31st Innovative Applications of Artificial Intelligence


https://arxiv.org/abs/2010.07620
https://arxiv.org/abs/2010.07620
https://arxiv.org/abs/2010.07620
https://arxiv.org/abs/2010.07620

+ 738 ¢ O R

S S ¢

%16 &

Conference, IAAI 2019, the 9th AAAI Symposium on
Educational Advances in Artificial Intelligence. Honolulu,
United States, 2019: 3060—-3067.

[45] TUAN Yilin, CHEN Y N, LEE H Y. DyKgChat: Bench-
marking dialogue generation grounding on dynamic
knowledge graphs[C]//Proceedings of 2019 Conference
on Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natural
Language Processing. Hong Kong, China, 2019:
1855-1865.

[46] GREFF K, SRIVASTAVA R K, KOUTNIK 7, et al.
LSTM: A search space odyssey[J]. IEEE transactions on
neural networks and learning systems, 2017, 28(10):
2222-2232.

[47] XIE Qizhe, MA Xuezhe, DAI Zihang, et al. An inter-
pretable knowledge transfer model for knowledge base
completion[C]//Proceedings of the 55th Annual Meeting
of the Association for Computational Linguistics. Van-
couver, Canada, 2017: 950-962.

[48] BAHDANAU D, CHO K, BENGIO Y. Neural machine
translation by jointly learning to align and translate[C]//
Proceedings of the 3rd International Conference on Learn-
ing Representations. San Diego, USA, 2014.

[49] VASWANTI A, SHAZEER N, PARMAR N, et al. Atten-
tion is all you need[C]//Advances in Neural Information
Processing Systems 30. Long Beach, USA, 2017: 5998—
6008.

[50] WANG Xiang, WANG Dingxian, XU Canran, et al. Ex-
plainable reasoning over knowledge graphs for recom-
mendation[C]//Proceedings of the 33rd AAAI Confer-
ence on Artificial Intelligence, AAAI 2019, the 31st In-
novative Applications of Artificial Intelligence Confer-
ence, [AAI 2019, the 9th AAAI Symposium on Educa-
tional Advances in Artificial Intelligence. New York,
United States, 2019: 5329—-5336.

[51] GRAVES A, MOHAMED A R, HINTON G. Speech re-
cognition with deep recurrent neural networks[C]//Pro-
ceedings of 2013 IEEE International Conference on
Acoustics, Speech and Signal Processing. Vancouver,
Canada, 2013: 6645—6649.

[52] CHIU J P C, NICHOLS E. Named entity recognition with

bidirectional LSTM-CNNs[J]. Transactions of the associ-

ation for computational linguistics, 2016, 4: 357-370.
[53] LU R, DUAN Z. Bidirectional GRU for sound event de-

tection[C]//Detection and Classification of Acoustic

Scenes and Events. [S. 1.]. 2017: 17-20.

[54] CHUNG J, GULCEHRE C, CHO K H, et al. Empirical
evaluation of gated recurrent neural networks on se-
quence modeling[J]. (2020-01-01)[2020-05-01] https://
arxiv.org/abs/1412.3555.

[55] KINGMA D P, BA J. Adam: a method for stochastic op-
timization[C]//Proceedings of the 3rd International Con-
ference on Learning Representations. San Diego, USA,
2014: 604-612

[56] JIANG Tianwen, ZHAO Tong, QIN Bing, et al. The role
of "Condition": a novel scientific knowledge graph rep-
resentation and construction model[C]//Proceedings of the
25th ACM SIGKDD International Conference on Know-
ledge Discovery & Data Mining. Anchorage, United
States, 2019: 1634—1642.

IEEMA:

BB T, PR, 32 B S5
NLP FHEB S, FHF25
BTTRFHF R 10 A0, F2 454 1 2R
RIZI ., KA 10 R

A, TR, EERTS
oy N TERE ML IE. 258 %
BHOF R A 1 T, AT g
2, KFREARLTCT o

i pEas , #%, BT T5 17 A
b3 R, R RF AR
10 435 o



http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1109/TNNLS.2016.2582924
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
https://arxiv.org/abs/1412.3555
https://arxiv.org/abs/1412.3555

