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Mixture-of-Experts Model for Hypernymy Discrimination

ZENG Nan and XIE Zhipeng

School of Computer Science, Fudan University, Shanghai 200438, China
Abstract Hypernymy discrimination is an essential and challenging task in NLP. Traditional supervised methods usually model
all the hypernymies in the global semantic space.which has achieved fair performance. However, the distributed semantic repre-
sentation of hypernymies is rather complex,and their manifestations may differ significantly in different areas of the semantic
space.making it difficult to learn the global model. This paper employs the mixture-of-experts framework as a solution. It works
on the basis of a divide-and-conquer strategy,which divides the semantic space into multiple subspaces,and each subspace corres-
ponds to a local expert(model). A number of localized experts(models) focus on their own domains(or subspaces) to learn their
specialties,and a gating mechanism determines the space partitioning and the expert aggregation. Experimental results show that
the mixture-of-experts model outperforms the traditional global ones on public datasets.

Keywords Hypernymy discrimination, Mixture-of-Experts, Local model
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Table 1 Datasets
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Table 4 Dynamic expert selection and static expert integration

experiments
Method Lex Rnd
P R F1 P R F1

C-W 79.9 82.7 81.2 92.7 88.8 90.7
C-Sum 78.5 80. 4 79.3 93.0 88.5 90.7
C-MoE 80.8 83.8 82.2 92.9 88.8 90.8

D-W 80. 4 71.5 75.6 92.1 85.7 88. 8
D-Sum 79.0 72.8 75.7 91.5 85.5 88.4
D-MoE 81.0 80.2 80.6 91.9 88.2 90.0

X L 18] R A 4 R A5 A AR A 1T B RCR AL TR &
i g B AN [ e 0 0 0 SR AN (R 7 0 0 3 B ) T KU
TR R R B AL . (H T8 E A A R B CRA)S AK 22
TUUHR A% 20 N L W T R 12 /& Z2F A
T TP RS I R T AR A AR T A 119 1 2 (A B AR Y
B L 5OE T .
4.8 SRS

N T HE— o B R R R FRATTTE C-MoE KA 1t
00 44 T AR T — A AR HE R RO ARG, A3k 5 BT A

#5 IR
Table 5 Error samples
wordl word2
room novel

dominion novel
oblivion orphanage
trauma fracture
metro novel
norman soprano
merrick place
cosmos flower
fishbone band
bell typeface
(D5 LR R R SR BNy 17T 56 R f ke, Hvp

KF novel (3R XF AR B A bR 47 5 &, Al BE R R A
waET novelﬂﬂfﬂlﬁﬂifﬁiﬂ»Eﬂ%fﬂ?ﬂﬁﬁ\iﬂﬁﬂiﬁzﬂ?
i AR A5 R 2 3R 02 1 1 5 i 43 R R
(2)?@5T*%ﬁﬁ%%iﬁm?ﬂﬂﬁﬂkj;?ﬁj@%H‘Jﬁém’EE
F b AL ) R R 44 1) 5 1 44 1 A2 B R 2 SCME Y R e de K
6 DA DL SO SR i A WL SO (8 75 4 I IR
ME. 0, 738 Xt (fishbone s band) Hy A “fishbone” fE i “ i
(=Y N S VA S YA
ZRIE L TFMNXRE-FEENEICIEXCR, B
V2N T SCAS 2 B L F B IR A R WEAE S5 h . A SCER R
FE 4 JR BT o X A3 ) o bR L 2% R A Sy TR 9 Tl B, 4 R T
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