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Abstract: Most of the existing knowledge graph link prediction methods focus only on the semantic relationships between
a head entity 4, a relationship r, and a tail entity tin a single triad in learning semantic information. They do not consider
the links between related entities and'entity relationships in different triads. To address this problem, this study proposes
the DeepE_CL medel. Firstly, \;che study uses the DeepE model to learn the semantic information of related triads and
entities with the same entity relationship pairs or entity relationship pairs with the same entities. Secondly, the extracted
semantic information of the related triads is used to calculate the corresponding scoring function and cross-entropy loss,
and the extracted semantic information of entities with the same entity relationship pairs or entity relationship pairs with
the same entities is optimized through the comparative learning model, so as to predict the missing information of the
related triads. This paper validates the proposed method through four common datasets and compares the proposed
method with other baseline models by applying four evaluation indicators, including MR, MRR, Hit@1, and Hit@]10. The
experimental results show that the DeepE_CL model achieves the best results in all indicators. To further validate the

O FELTH: HRERRBERES (62171131); HEEE B ARF 54 (2022]01398)
ORI E): 2024-07-15; A& TA]: 2024-08-13, 2024-08-27; SR FHI [A]: 2024-09-03; csa £8 £k H AR [F]: 2024-12-16
CNKI [ %% & KI5 []: 2024-12-17

206 #fHiARH % Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


mailto:ggd@fjnu.edu.cn
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
http://www.c-s-a.org.cn/1003-3254/9769.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009769
https://cstr.cn/32024.14.csa.009769
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 21

http://www.c-s-a.org.cn

i H AR SN A

usefulness of the model, this study also applies the model to a real traditional Chinese medicine (TCM) dataset, and the

experimental results show that compared with the DeepE model, the DeepE_CL model reduces the MR indicators by 18,

and improves the MRR, Hit@] indicators by 0.8%, 1.1%, and the Hit@10 indicators remain unchanged. The experiments

demonstrate that the DeepE CL model, introducing a comparative learning model, is very effective in improving the

performance of knowledge graph link prediction.

Key words: link prediction; contrastive learning; knowledge graph; traditional Chinese medicine (TCM) dataset
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CLsup((h, 1), (1)) 1.88 0.879 0.810 0.987 1.19 0.953 0.919 0.998
CLsup((1,7), (£,7)") 1.83 0.873 0.801 0.987 1.15 0.954 0.921 0.998

35 LWERSHWN
3.5.1 IRt o Hr i

5 NASORERAE I 2ot 72 I 2545 K () AR A0 1
B ARSCR A Adam PLALER IR E T HUE IR weight

decay X RLHEAT T AL, BEHE R AL FR R R I ZR IR
B, PABR R R BURAA. W UAE H, A SRR I 2R
FE B AE T R4, JF H FB15k-237 F1 WN18RR £
PEEETE 400 epoch /e A7 T W8k, Kinship #HE £ 7E 200
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epoch £ A #a T UL &, UMLS £ 100 epoch £ AT
s
x4 SHKE

BT

REASTE R R SR AU SLAAR AT oG R 115 U5 B 4 BLE 4 4
KO A 3 0 TN B A BRI A SC 2 1Y) DeepE_CL 45
RUGEAT L5, LB 25 3 5 A% 6 s, FHAo A

Z ) FB1 35;;237 WhélsiRR Kl;lgglp U;‘ggs Fdmsr, FRIZAFRIRE 7. AL DeepE 1 DeepE
b 512 512 512 512 CL, FB15k-237 Al WNI18RR [{] L A5 7 () 556 45 5 ok
12 51:;008 5E1*°5 5151*003 5E1*°5 Y5 T SCHR[4], Kinship 1 UMLS (0 H: 42 8575 ) 5256 2
ns
nt 1 2 1 1 FRIE T SCHR[28].
ni 2 3 2 2
hd 0.4 0.4 0.4 0.4 .

id 0.01 0 0.01 0.01 ?7)(5) | — FB15k-237 loss
"’ 0.4 0 0 0 150 = Kinship ose”
t 0.1 0.1 0.5 0.9 125} UMLSPTOSS
ap 2 0 0 0 3 10.0 -
@ 0 0 2 2 75 L
e 0 2 0 0 % 50
a 0 0 0 0 > &
0 100 200 300 400 500 600
3.52  XfEHbsegs Epoch
Al
NBAIETE DeepE ALY 1 5] N BOnf LL 2% ST R K5 ks
¥
j " # 5 FBI15k-237 1 WNISRR X Eb 59256
FB15k-237 WNI18RR
Model MR MRR Hit@! Hit@10 MR MRR Hit@] Hitw10
Dismult 254 0.241 0.155 0.419 5110 0.43 0.39 0.49
RotatE 177 0.338 0.241 0.533 3340 0.476 0.428 0.571
ConvE 244 0.325 0.237 0.501 4187 0.430 0.400 0.520
HypER 250 0.341 0.252 0.520 5798 0.465 0.436 0.522
InteractE 172 0.354 0.263 0.535 5202 0.463 0.430 0.528
AcrE — 0.358 0.266 0.545 — 0.459 0.422 0.532
JointE 177 0.356 0.262 0.543 4655 0.471 0. 38\-5 0.537
ER-MLP2d 234 0.338 — 0.547 4233 0.358 — " 0.421
DeepE 167 0.354 0.263 0.536 2560 0.479 #0438 0.550
DeepE CL 154 0.364 0.271 0.55 1577 \ \ 0.489 0.445 0.574
%6 Kinship Al UMLS GFH 5250
Kinship ) UMLS
Model
MR MRR Hit@]1 Hit@]10 MR MRR Hit@]1 Hit@10
Dismult 7.90 0.48 0.377 0.708 18.8 0.164 0.061 0.403
RotatE 2.90 0.738" 0.617 0.954 2.10 0.822 0.703 0.969
ConvE 3.00 L 02 0.665 0.950 3.20 0.836 0.764 0.946
HypER 1 1.96 0.868 0.790 0.981 — — — —
DeepE 192 0.873 0.800 0.988 L18 0.952 0919 0.997
DeepE_CL 1.73 0.884 0.816 0.99 1.18 0.958 0.930 0.998

AL E SEAE FB15k-237 1 WN18RR _L ¥t DeepE
CL A, DLAFZ M7 (DistMult < RotatE) Fil5
MM EAETY (ConvE « HypER . InteractE. AcrE.
JointE) LA K £ 2 B A28 87 (ER-MLP2d. DeepE) A
B, 53R 5 FR. AT S, DeepE_CL HEAYTE
AN F BT $E bR EATEUE T M S SRS IR
. NSEEG 2 3 S AT LAE Y, SR MR B AR LL A,

212 AR H % Software TechniquesAlgorithm

DeepE_CL 7 7E FB15k-237 A1 WN18RR ¥ #i4 I
MR FEH573 IR T 23-100. 1763-3533; MRR T645%>
BHRTE T 2.6%—12.3%- 1.3%—5.9%; Hit@1 T&+55 7
BIFT 0.3%1.16%- 1.7%—5.5%; Hit@10 73 R T+ T
1.7%-13.1%- 0.3%-8.4%. 53T 5 # 48 W % i Y
[ 3k 2 HEAT EL 82, DeepE CL fEALE FB15k-237 All
WNI8RR 45 4E I MR #8455 B T 18-96. 2610
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4221; MRR Fa¥5 73 W HE T+ T 0.6%-3.9% 5.1%-5.9%;
Hit@1 $8ks 70 MIRTH T 0.5%-3. 4%+ 0.7%—4.5%;
Hit@10 73332 F 7 0.5%4.9%. 3.7%-5.4%. 5% 2
JE KM Y (1) 36 28 34T T LK, DeepE CL MEALTE
FB15k-237 Al WN18RR %445 b MR F&br 5 5l &A%
T 13-83. 98-2656; MRR b5 73 nl#2 Tt 1 1%-2.6%-
1%—-13.1%; Hit@1 fatn > ml 3 F 7 0.8% 0.7%;
Hit@10 23 5T T 0.3%1.4%. 2.4%15.3%. 555 Hh,
53T 2 2L DeepE # AU HL ¢, FB15k-237
Al WN18RR £ DeepE CL Bi# b it e br#l LS T
BT g R,

Ak, ASCIEFE Kinship. UMLS X 5 AN /N ¥4
£ P4l DeepE CL #5716 1 T JURNZ S i 40
PPl B % TR AR RS, 40 DistMult. RotatE+ ‘ConvE,
HypER. DeepE. A i Tkl, DeepE  CL BAUHE MR,
MRR. Hit@3 0 Hit@10 % 54t T Fo Al S

43 LTk, DeepEyCL B (E 4 ANJEMEHARSE LU
SPARTF BT SRR A U, TC e A A 1 /A
SRR A0, DeepE_CL 5 8] 6 1A 31 55 17 1 1 e,
XF845r 7~ T DeepE CL HE R K47 10z thAE
3.53  JHFSLS

N T B UE AR S AT AR Y 145 2Pk, /£ DeepE #5
B _F B0 b5 2% R B0 AT VE B SE LS, w/o loss KN
THEE R A IR L5 2K B 3L, wio Fon it B AR
IS B4 2% R 3. T RSO0 25 a3k 7 I3k 8 TR,
S 25 B IORTE 4 R 9l AN HE Bk iR U,
BRI 1 RE A3 3 T 42 FF, £ MRR. Hit@1 Al Hit@10

Yerr D BIRFA T 0.6%—1.1% 0.7%—1.6%+ 0.1%= |

2.4%, BOAE T I HL A5 2% ok B0nT LA %iﬂiﬁ%
AN RIE SUE B, HUESE T RIALRHT B0E.

%7 FB15k-237 il WINT8RR K7 1 9t

. FB15k-237 WNISRR
MR MRR Hit@l Hit@lO MR MRR Hit@l Hit@]O
w/oloss 167 0.354 0.263 0.536 2560 0.479 0.438 0.550
w/o 154 0.364 0.271 0.550 1577 0.489 0.445 0.574

# 8 Kinship Al UMLS 8 4 gl sz 6

" Kinship UMLS

LSEES MR MRR Hit@l Hit@l0 MR MRR Hit@l Hit@10

w/oloss 1.92 0.873 0.800 0.988 1.18 0.952 0919 0.997
w/o  1.73 0.884 0.816 0.990 1.18 0.958 0.930 0.998

N T B IE A R U A % BR 5 T 8 X AR AR (1) 52 i
ASCAE 4 NMEAREE BT TSRS, FoH w/o pos &

INAE TSN EL A5 R i AN i N TE A9 BAE — AN /N 2 o
Bk T BT SR UG IR BS NS I TR, wio FonTE TS0
FEAR B N IE 8], R CRIE S 36 45 2 P 1, LR 54
M SH— 3 TR SR I 45 R WL 9 MR 10 Fros, S5
SE R EORTE 4 ANEEAE BT SO LA 2R I InoN 41 (1)
B Fa bR AR T i i s B 5 1L DALk, 7R B A5 2R
T NIEGIZ A R, ‘B REBE 42 i DeepE_CL 11 RE.

£ 9 FBI15k-237 1 WN18RR % bt 45 2k gk i
%AE%ﬁﬂi%a

. FB15k-237 “WN18RR
MR MRR Hit@! Hit@l0 wMR MRR Hi@! Hit@10
wlopos 166 0357 0.265__0.541 2250 0484 0443 0.562
wio 154, 0.364 0271 0.550 1577 0.489 0.445 0.574

L

2510 Kinship 1 UMLS % b 151 2% & %
SIS

" . Kinship UMLS

CSEES MR MRR Hit@l Hitwl0 MR MRR Hit@! Hit@10
w/opos 1.82 0.876 0.805 0989 1.17 0.954 0921 0.999
w/o 1.73 0.884 0.816 0.990 1.18 0.958 0.930 0.998

4 DeepE CL 15 AY7E Rl 24 5045 5 v (1) S
4.1 HBEHKIE

w2 A R R A G A I A G A, 2R
T I RRURT R R S P T A A A Sy —
AR (R 154 TR, RS A SEAH0 R 2 Bt 4
Hh R R TE 1R R AR AR SR 1 Hh Al 2 S 4
R T SCHRI20 T8 (18726 7 7, ' kI8 T b 2 e 24
J, 3405 17045 SRR 6 LR VIZE. Tl sE
ARSI/ B0 B2 118314, 14790, 14789.

BIEESLIG B A 3.4 TSR B — 2, 3T
Wk AR 2R 5 AR R AR S HOR B R d =500,
b=512, 12=5E-05, ns=2, nt=2, ni=2, hd=04,
id=001,td=0,t=09,02,=0,0,=0,ap=1,a; =0.
42 IHR

A ICHs DeepE_CL A58 W 7 A R 24 Hi a4 1 3k
T2 E 2L, 3 UL RotatE. Dismult. InteractE Al
DeepE iX 4 MR N IEHEFEAT XS L, SRIG 8 Rk 11
Bz, A3 DeepE CL A5 2 A1 42 A5 7 (1 52 56 £ 47
HVE T SCHR[30].

NSS4 BT LUE Y, 76 2 B0E 5 DeepE_
CL BAIERTA fabn L ARHUR T B lf s K. 5 R A0
RURA L%, %403 #E7E DeepE CL #7! | MR 3545 %
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ik 7 18-130; MRR. Hit@1 F! Hit@10 F&45 5 5l TF
7 0.8%-10.9%. 1.1%—14.1%+ 0-4.6%. ¥, 5
DeepE AU A LL, 1Z 54 £ 7F DeepE CL 7Y |-
MR 18R FEAK T 18; MRR. Hit@1 $8k5r7> BRI T
0.8%- 1.1%; Hit@10 4EREAAR . L0045 FAE] T
DeepE_CL 8 7E i il 245 50045 £ 14 B FH A2 2.

R R EER A LS 45 R

L MR MRR Hit@]1 Hit@10
RotatE 273 0.739 0.694 0.823
Dismult 273 0.803 0.771 0.861

InteractE 200 0.803 0.776 0.851
DeepE 161 0.840 0.824 0.869
DeepE_CL 143 0.848 0.835 0.869

5 diinE5RE

ASCHH T — PG DeepE %uxa‘]:t#ﬂ CUESIRIALE
A B TSR 2% RO ST R B A
B T 7 5 2 13 B (5 B 2200 7R ) = 04 AR %
SRS e R 2 615K 2R 10 1. %A ) DeepE
B 22 3] = 0 AL SRS L 60t LA S % 2
S 752 LA IR S A SI2 X 28 08 4 U4 S 30
72 31, 45 M X 11 SUAS 5 Rl T 7 P 4 ik
LR H L. R B T AU L 45 2 B 4
SEATAR AL, 5 378 11 25635 2 o 8 F RS ) = 72 40 o S 1
1 2R 1 AR . A ST B MR 72 3 FE 1 R4 40 o
FRZHCRAE AT T % AT, W T A SCH A
TRl 45 6T T 2% S 2L

JLF DeepE CL MU 7ES2 b LIRS, 18 4E

BELE Ty AT AT e 2 IR — A ) AU, R TSN ik

R BT 5780 75 T e — A A I (O R, 3 7E
AT KA S £ R BB 1 5 k1 .
IR 1, 76 2 R [ TR T 3o P R 22 2 34 1 X B 2 )
7 R D T e I, T 0
T 5 2% BE 1, R RS 1 AR A I R TR 1 44
SR BT R

SE Rk
1 Hilman D, Serban O. A unified link prediction architecture
applied on a novel heterogenous knowledge Dbase.
Knowledge-based Systems, 2022, 241: 108228. [doi: 10.
1016/j.knosys.2022.108228]
2 BPEE, BOL, TRER. A AR B AR HEE SRR, 1

214 H AR H % Software TechniquesAlgorithm

HHLR SN A, 2021, 30(10): 21-30. [doi: 10.15888/j.cnki.
csa.008137]

3 KA, SRR EE S ER AR MR BOR R H
ZER . HENL RGN, 2022, 31(3): 48-55. [doi: 10.15888/
j.cnki.csa.008377]

4 Zhu DH, Shen S, Huang SJ, et al. DeepE: A deep neural
network for knowledge graph embedding. arXiv:2211.04620,
2022.

5 Bordes A, Usunier N, Garcia-Durdan A, et al. Translating
embeddings for modeling multi-relatwion‘al data. Proceedings
of the 26th International Conference ‘on Neural Information
Processing Systems: Lake Tahoe: Curran Associates Inc.,
2013. 2787-2795.

6 Wang Z,‘ Zhang JW, Feng JL, et al. Knowledge graph
emi)edding by translating on hyperplanes. Proceedings of the
28th AAAI Conference on Artificial Intelligence. Québec
City: AAAIL 2014. 1112-1119.

7 Sun ZQ, Deng ZH, Nie JY, et al. RotatE: Knowledge graph

embedding by relational rotation in complex space.

Proceedings of the 7th International Conference on Learning

Representations. New Orleans: OpenReview.net, 2019.

Sadeghian A, Armandpour M, Colas A, et al. ChronoR:

Rotation based temporal knowledge graph embedding.

Proceedings of the 35th AAAI Conference on Artificial

Intelligence. Washington: AAAI, 2014. 6471-6479.

9 Dasgupta SS, Ray SN, Talukdar P. HyT]\S: Hyperplane-based
temporally aware knowledge graph g’mbédding. Proceedings
of the 2018 Conference on Empiriczﬂ Methods in Natural

o0

Language “,Pr"qcessing. Brussels:  Association  for
Cqmputaﬁonal Lfnguistics, 2018.2001-2011.

10 Riedel S, Yao LM, McCallum A, et al. Relation extraction
with matrix factorization and universal schemas. Proceedings
of the 2013 Conference of the North American Chapter of
the Association for Computational Linguistics: Human

Technologies.  Atlanta:
Computational Linguistics, 2013. 74-84.

11 Yang BS, Yih WT, He XD, et al. Embedding entities and

relations for learning and inference in knowledge bases.

Language Association  for

Proceedings of the 3rd International Conference on Learning
Representations. San Diego: OpenReview.net, 2015.

12 Nickel M, Rosasco L, Poggio T. Holographic embeddings of
knowledge graphs. Proceedings of the 30th AAAI
Conference on Artificial Intelligence. Phoenix: AAAIL 2016.
1955-1961.

13 Trouillon T, Welbl J, Riedel S, ef al. Complex embeddings

for simple link prediction. Proceedings of the 33rd

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1016/j.knosys.2022.108228
https://doi.org/10.1016/j.knosys.2022.108228
https://doi.org/10.15888/j.cnki.csa.008137
https://doi.org/10.15888/j.cnki.csa.008137
https://doi.org/10.15888/j.cnki.csa.008377
https://doi.org/10.15888/j.cnki.csa.008377
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F #5344 H2

http://www.c-s-a.org.cn

i H AR SN A

14

15

16

17

18

19

20

21

22

International Conference on Machine Learning. New York
City: PMLR, 2016. 2071-2080.

Dettmers T, Minervini P, Stenetorp P, et al. Convolutional
2D knowledge graph embeddings. Proceedings of the 32nd
AAAI Conference on Artificial Intelligence. New Orleans:
AAALT, 2018. 1811-1818.

Vashishth S, Sanyal S, Nitin V, et al. InteractE: Improving
convolution-based knowledge graph embeddings by
increasing feature interactions. Proceedings of the 34th
AAAI Conference on Artificial Intelligence. New York:
AAAL, 2020. 3009-3016.

Zhou ZH, Wang C, Feng Y, et al. JointE: Jointly utilizing 1D
and 2D convolution for knowledge graph embedding.
Knowledge-based Systems, 2022, 240: 108100. [doi: 10.
1016/j.knosys.2021.108100]

Wang XT, He QY, Liang JQ, et al. Language models as
knowledge embeddings. Proceedings of'the 31st International
Joint Conference on Artificial Intelligenée. Vienna: 1IJCAI,
2022, 2291-2297. ‘

Li D, Zhu BQ, Yalgg S, et al. Multi-task pre-training
language model for semantic network completion. ACM
Transactions on Asian and Low-resource
Information Processing, 2023, 22(11): 250.

Chen T, Kornblith S, Norouzi M, et al. A simple framework

Language

for contrastive learning of visual representations.
Proceedings of the 37th International Conference on Machine
Learning. Baltimore: PMLR, 2020. 1597-1607.

Kalantidis Y, Sariyildiz MB, Pion N, et a/. Hard negative
mixing for contrastive learning. Proceedings of the 34th
International Conference on Neural Information Processing

Systems. Vancouver: Curran Associates Inc., 2020. 1829.

Yang ZH, Cheng Y, Liu Y, ef al. Reducing word omission- |

errors in neural machine translation: A contrastive learning
approach. Proceedings of the 57th ‘Annual Meeﬁhg of the
Association  for Computational ﬂinguistics. Florence:
Association  for' Compufational 2019.
6191-6196.

Kachuee M, Yuan H, Kim YB, et al. Self-supervised

contrastive learning for efficient user satisfaction prediction

Linguistics,

23

24

25

26

27

28

29

30

of the
Conference of the North American Chapter

2021
of the

Association for Computational Linguistics: Human Language

in conversational agents. Proceedings

Technologies. Association for Computational Linguistics,
2020. 4053-4064.

Khosla P, Teterwak P, Wang C, et al. Supervised contrastive
learning. Proceedings of the 34th International Conference
on Neural Information Processing Systems. Vancouver:
Curran Associates Inc., 2020. 1567.

Luo ZP, Xu WT, Liu WQ, et al.” KGE-CL: Contrastive
learning of tensor decomposition based: knowledge graph
embeddings. I:roceedings of“ the 29th International
Conference jon' Computational ~Linguistics. Gyeongju:
ASsociation  for 2021.
2598-2607.

Balazevi¢c I, Allen C, Hospedales TM. Hypernetwork

Computational ~ Linguistics,

knowledge graph embeddings. Proceedings of the 28th
International Conference on Artificial Neural Networks and
Machine Learning. Munich: Spring, 2019. 553-565.

Ren FL, Li JC, Zhang HH, et al. Knowledge graph
embedding with atrous convolution and residual learning.
Proceedings of the 28th International Conference on

Computational Barcelona: Association for

Computational Linguistics, 2020. 1532-1543.

Linguistics.

Ravishankar S, Chandrahas, Talukdar PP. Revisiting simple
neural networks for learning representations of knowledge
graphs. Proceedings of the 6th W&rkéhop on Automated
Knowledge Base Construction. Long Beach, 2017.

Tan ZX, Chen v’VZL, Eeng SB, et al. KRACL: Contrastive
learning with graph context modeling for sparse knowledge
graph completion. Proceedings of the 2023 ACM Web
Conference. Austin: ACM, 2023. 2548-2559.

FEIE, REAE, M. HARTT 58T 2575 77 i 24 L C 1
Bl AT . T FE A7 B A 4 (H AR 2 R, 2004, 17(1):
19-21.

7 S R T A AE 24 ) HEE A o N T T A AR
R, 2024, 40(3): 39-43.

(B e 5K EHEX)

Software TechniquesAlgorithm FXPFH7 R H% 215

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1016/j.knosys.2021.108100
https://doi.org/10.1016/j.knosys.2021.108100
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 相关工作
	1.1 知识图谱链路预测
	1.2 对比学习

	2 DeepE_CL方法与模型
	2.1 DeepE模型介绍
	2.1.1 特征提取网络
	2.1.2 投影网络
	2.1.3 评分函数

	2.2 对比学习方法
	2.2.1 正负例的选择
	2.2.2 对比损失函数

	2.3 DeepE_CL模型整体框架
	2.4 DeepE_CL时间复杂度分析

	3 实验
	3.1 数据集
	3.2 基线模型
	3.3 评价指标
	3.4 实验设置
	3.5 实验结果与分析
	3.5.1 训练过程分析实验
	3.5.2 对比实验
	3.5.3 消融实验


	4 DeepE_CL模型在中成药数据集中的应用
	4.1 数据集的来源
	4.2 实验结果

	5 结论与展望
	参考文献

