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Abstract: Collective knowledge graphs refer to knowledge graphs that are managed and maintained in a decentralized or
distributed manner through group collaboration. Compared with the existing centrally managed knowledge graph, the
collective knowledge graph has the characteristics of knowledge right confirmation, privacy protection, crowd sourcing
incentive, and credible traceability. Tring to explore the technical challenges faced by building and applying a collective
knowledge graph platform. For meta knowledge transfer, the knowledge incompleteness of a single knowledge graph by
knowledge transfer among multiple knowledge graphs from different sources under a decentralized and autonomous
framework was considered. The main difficulty was to enhance the respective knowledge graph representation by sharing
useful knowledge with each other as much as possible while fully protecting the autonomous ownership of knowledge.
For federated graph reasoning, the knowledge graph reasoning in a distributed environment under the privacy-preserving
by means of the federated learning mechanism was considered. Meta knowledge transfer focused on transferring enti-
ty-independent knowledge between knowledge graphs with overlapped relation set, while federated graph reasoning
aimed at learning better entity embeddings for knowledge graphs with overlapped entity set. The model design and expe-
rimental validation for each of these two problems were conducted.
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2 4
vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4
Neural LP 74.4 69.0 46.2 67.1 52.9 58.9 52.9 55.9 40.8 78.7 82.7 80.6
DRUM 74.4 69.0 46.2 67.1 529 58.7 529 559 19.4 78.6 82.7 80.6
RuleN 80.9 78.2 53.4 71.6 49.8 77.8 87.7 85.6 53.5 81.8 713 61.4
GralL 82.5 78.7 58.4 73.4 64.1 81.8 82.8 89.3 59.5 93.3 91.4 73.1
CoMPILE 83.6 79.8 60.7 75.5 67.6 83.0 84.7 87.4 58.4 93.9 92.8 75.1
MorsE (TransE) 81.5 78.8 67.3 76.5 84.7 96.3 95.8 96.4 51.8 83.8 89.3 824
MorsE (DistMult) 83.7 80.0 66.1 79.3 82.5 94.9 94.9 95.8 66.6 79.4 84.3 54.1
MorsE (ComplEx) 83.5 81.4 67.3 79.4 80.0 92.8 93.6 95.1 65.0 76.9 82.3 42.6
MorsE (RotatE) 84.1 81.5 70.9 79.6 83.2 95.7 95.7 95.9 65.2 80.7 87.7 53.4

APRUR I, A SO IR A R 4y R a4 I
HRRERT BB UF IR o RV AR SO U0 e i 1 &5 AR
HEAT T DR, AR AN [ 9T 53 o8 2% MorsE 5 1%
FHEE T K 2 FE R U7 m] LSRR e ) PR RE 4R T«
Bilhn, {F FB15k-237 [f) 4 s 4E L, 4 )4 A
TransE. DistMult. ComplEx LA & RotatE [1'] MorsE
BERIAHLE TR T i r 45 R, PRI T
14.6%- 13.0%- 10.8%LAL f& 13.7%[M3ETt. LA B
L WU T MorsE X734 AT 56 AR
Ve 7 2 YOO () A Rk o
4.2 BRI EEHERR

FER A B s HEAT 45 b, O T A FedE A%
TR0 58 P IS X R 5 9 B 1 A R S A SCHE S S
FEUERHE S FB15k-237 BHATIE . iZFEMER 4R
BHEN T VRS EIRE R AN Mg . o T 1
v & P PFAS FedB, ZE# K — cdlBipLo) A £
ANFEE T e FART 0, MREFHH AR
W S, BEHLIERE DG R IFTNAN R 3, AR
WM RXAY = A n B % i. #
FB15k-237 WML K 3 A% o, 3k45 T FB15k-
237-Fed3 #infE. e, BiF. Wik = cdlmtt
%14 80%-+ 10%- 10%.

G ENRE A TTE R E S da bR, A HF
Y18 #0HE 4 (mean reciprocal rank, MRR) i
Hits@10, PEASTEREANS ) i o B4 T B 4 o0 1)

AEo BRI K 2 S e A B R R AT VR,
RITEREAT 25 SR P, I MR R IR 25 50
UERITPR AR R iz ik — oA .

M T 7 FedE fEALMIRES), {EMar. (isolation)
FIZEAE (collection) PAFPHCE FXTLL FedE FELEIT)
RS R R 2] T . KT isolation W, IR
RNV BN % P i e 3L B 2R SRR
&k KT collection BB, HFAK FANRIZ ¥ A1
VS = oA, JFEREA—=Jcdl Bl
BN GEER, It collection ¥ & IH [ T BaFALR
P, KRN RS R R h 2 B B R B AN IR 7 g 1)
= JC4D) . AT FedE &, {ERASBOE AT HIA S
) FedE IZRAAKIRA, I HEEAE ) b L=
TCHANCHERERS o AL 4 Pt AR B SR
217714 TransE+ DistMult. ComplEx I RotatE, HT
BE'H isolation. collection. FedE.

IS X Pl A PR S I 45 R WLER 3, Al R RIZR T
H¥5% R FedE Fl isolation PHFF 1A E T I 4 (145 3L,
DB R R A E PR R T X
iU, ASCHEH FedE LEAE isolation T
BT IR AN VR B N SRAT () B2 T 1P R SE 4T
25K, K RotatE 1F R B EIE R IR 5 2 7,
FedE /& FB15k-237-Fed3 L4 E/R, MRR HI
Hits@10 73 HIAHRHE R T 5.8%F1 7.2%. IXLe4f L
78T FedE A1
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*3 BXFR BN RS R
B B2 i 3
RS R oR A 2] 5 ik W
MRR Hits@10 MRR Hits@10 MRR Hits@10
isolation 50.4 69.8 38.7 63.7 33.7 59.7
TransE collection 54.2 74.1 41.0 66.9 35.7 63.1
FedE 54.8 74.8 41.8 68.4 36.3 63.4
isolation 48.9 65.2 36.6 56.2 347 57.0
DistMult collection 51.7 70.1 38.2 59.9 339 56.4
FedE 53.6 70.3 404 62.4 37.5 61.5
isolation 48.4 65.3 37.2 57.8 32.6 55.7
ComplEx collection 50.0 67.5 36.9 57.4 334 55.5
FedE 52.9 70.2 40.9 63.2 36.1 59.5
isolation 52.7 70.6 40.6 64.2 36.6 60.2
RotatE collection 55.7 75.1 42.1 67.3 37.1 63.5
FedE 555 754 43.0 68.5 389 65.0
5 ég ﬁi -‘LE- ing[C]//Proceedings of 2021 Conference of the North American Chap-

AR SO R A SR U 3 o i 11 23 A U U

AMIBIS 3 P A 2L i) LA T R R v RS B0 I
FEMAT SV T, A G IEE @RI
LT IR M TCHIR, A R o A R
AGER IR AEBIR T HE L, BE IO
SIHESAEAN) B 7 o b2 2 AR o, IF e
G LTI G . RKRFEH TR NS 2R A
WEIRE 8 7 5, e 23 A ST RS (137 5
N B REPTIE IA) G R DA AR IR S 1 4 B v 25 1
I i 3 R SR SC R IR IR DL o

S :

[1] BERNERS-LEE T, HENDLER J, LASSILA O. The semantic Web[J].
Scientific American, 2001, 284(5): 34-43.

[2] VRANDECIC D, KROTZSCH M. Wikidata[J]. Communications of
the ACM, 2014, 57(10): 78-85.

[3] AUER S, BIZER C, KOBILAROV G, et al. DBpedia: a nucleus for a
web of open data[M]//The semantic Web. Heidelberg: Springer, 2007.

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

[5] XIONG W H, DU JF, WANG WYY, et al. Pretrained encyclopedia: weakly
supervised knowledge-pretrained language model[C]//Proceedings of the
International Conference on Learning Representations. [S.1.:s.n.], 2019.

[6] YASUNAGA M, REN H Y, BOSSELUT A, et al. QA-GNN: reasoning

with language models and knowledge graphs for question answer-

ter of the Association for Computational Linguistics: Human Lan-
guage Technologies. Stroudsburg: Association for Computational
Linguistics, 2021: 535-546.

[71 ZHANG Q, ZHANG L, QIN C, et al. A survey on knowledge
graph-based recommender systems[J]. Scientia Sinica Informationis,
2020, 50(7): 937-956.

[8] DEVLIN J, CHANG M W, LEE K, et al. BERT: pre-training of deep
bidirectional transformers for language understanding[J]. arXiv pre-
print, 2018, arXiv:1810.04805.

[91 WANG X Z, GAO T Y, ZHU Z C, et al. KEPLER: a unified model for
knowledge embedding and pre-trained language representation[J]. Transac-
tions of the Association for Computational Linguistics, 2021, 9: 176-194.

[10] CHEN HJ, HU N, QI G L, et al. OpenKG chain: a blockchain infra-
structure for open knowledge graphs[J]. Data Intelligence, 2021: 1-18.

[11] BORDES A, USUNIER N, GARCIA-DURAN A, et al. Translating
embeddings for modeling multi-relational data[J]. Advances in Neural
Information Processing Systems, 2013, 26.

[12] WANG Z, ZHANG J W, FENG J L, et al. Knowledge graph
embedding by translating on hyperplanes[C]//Proceedings of the
AAAI Conference on Artificial Intelligence. [S.1.:s.n.], 2014.

[13] ZHOU X H, YI Y H, JIA G. Path-RotatE: knowledge graph embed-
ding by relational rotation of path in complex space[C]//Proceedings
of 2021 IEEE/CIC International Conference on Communications in
China. Piscataway: IEEE Press, 2021: 905-910.

[14] NICKEL M, TRESP V, KRIEGEL H. A three-way model for collective
learning on multi-relational data[C]//Proceedings of the 28th Interna-
tional Conference on International Conference on Machine Learning.
[S.1.:s.n.], 2011: 809-816.

[15] YANG B S, YIH W T, HE X D, et al. Embedding entities and relations



© 64 o

BRERH SRR

84 %5

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

for learning and inference in knowledge bases[J]. arXiv preprint, 2014,
arXiv:1412.6575.

TROUILLON T, WELBL J, Riedel S R, et al. Complex embeddings
for simple link prediction[C]//Proceedings of the International
Conference on Machine Learning. [S.1.:s.n.], 2016: 2071-2080.

TERU K, DENIS E, HAMILTON W. Inductive relation prediction by
subgraph reasoning[C]//Proceedings of the International Conference
on Machine Learning. [S.1.:s.n.], 2020: 9448-9457.

MALI S J, ZHENG S J, YANG Y D, et al. Communicative message
passing for inductive relation reasoning[J]. arXiv preprint, 2020, ar-
Xiv:2012.08911.

CHEN J J, HE H R, WU F, et al. Topology-aware correlations between
relations for inductive link prediction in knowledge graphs[C]//Proceedings of
the AAAI Conference on Attificial Intelligence. [S.1.:s.n.], 2021: 6271-6278.
GALARRAGA L A, TEFLIOUDI C, HOSE K, et al. AMIE: associa-
tion rule mining under incomplete evidence in ontological knowledge
bases[C]//Proceedings of the 22nd International Conference on World
Wide Web. [S.1.:s.n.], 2013: 413-422.

MEILICKE C, FINK M, WANG Y J, et al. Fine-grained evaluation of
rule- and embedding-based systems for knowledge graph comple-
tion[C]//Proceedings of the International Semantic Web Conference.
[S.l.:s.n.], 2018: 3-20.

YANG F, YANG Z L, COHEN W W. Differentiable learning of
logical rules for knowledge base reasoning[J]. arXiv preprint,
2017, arXiv:1702.08367.

SADEGHIAN A, ARMANDPOUR M, DING P, et al. DRUM:
end-to-end differentiable rule mining on knowledge graphs[J].
Advances in Neural Information Processing Systems, 2019, 32: 15347-15357.
MCMAHAN H B, MOORE E, RAMAGE D, et al. Communica-
tion-efficient learning of deep networks from decentralized data[J].
arXiv preprint, 2016, arXiv:1602.05629.

DETTMERS T, MINERVINI P, STENETORP P, et al. Convolutional
2D knowledge graph embeddings[C]//Proceedings of the AAAI
Conference on Artificial Intelligence. [S.l.:s.n.], 2018.

TOUTANOVA K, CHEN D Q, PANTEL P, et al. Representing text for
joint embedding of text and knowledge bases[C]//Proceedings of 2015
Conference on Empirical Methods in Natural Language Processing.
Stroudsburg: Association for Computational Linguistics, 2015:
1499-1509.

XIONG W H, HOANG T, WANG W Y. DeepPath: a reinforcement
learning method for knowledge graph reasoning[C]//Proceedings of 2017
Conference on Empirical Methods in Natural Language Processing.

Stroudsburg: Association for Computational Linguistics, 2017: 564-573.

(HEZ BT

‘4‘\ P".

~
dd

MRatm (1997- ) , J, LKA EHL
B G ARSI, EER TR
SR K TER IR 2] .

3T (1992— ) , Lo, WiV RSB
BYBURTST B, EEFATJT 1A h An R
KEAERGE . EHIRALTE,

BRAAE (1998- ) , T3, WL KR
Sk, S ETSOT AR R

22
B D

BRIE (1997- D) , L&, WL KZFEITEN
B SHEASEG LA, TEOIR TN
SR R R A 22 R 2%

FRAESY (1978- O , B, t L, Wik
WHENBE SHAREGHERZ, EET
AR KB RSS AR S AR,



