MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
[doi: 10.15888/j.cnki.csa.010107] [CSTR: 32024.14.csa.010107] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

ET H-GEM HA R ZE7SIBE R

P, Edbds, BT, BOE

CRIEAT AR FUE R Be TR P, K% 116052)
BEES: B %, E-mail: th@djtu.edu.cn

i E AR ESNE RS WTONEEREPHERRLG T 5 7= A8 B IUAR, M LA SR AR B2 5 A4 1 BORRAE, 7ERE AR B
KPR 5 N &AL, [, ARG TR (MoE) HiEKZ NRIESEN, TRy TAMM, AR
BAZ AT RAER I, A SCHR H —Fh 43 )2 HIE MR A % F AT H-GEM (hierarchical gated expert mixture). J# i)
B3 R0 R R ST R RGESRHE; S SR L R )E B G ROERERL G SRS R T KR AT
WL BE R A B I 5 NAB B 5 F A 2 A T L SR BRI 1 SCIX PR AR g, i 23 2 [ 145 SR R 5, ORAIE
LR 20 T HET % EM. /£ CMU-MOSI f1 CMU-MOSEI ## 4 | 525K W, H-GEM 76— R 5145 ks Fi51k
TR, 5 5 MoE M AR LL, 225 BRI 1 % Hh 5 % BH LG SR A 1 2 T AR 1) R AR R A G B IR AT A A R
RAAES RIS E i B, I R R ).

KRR ARSI, 232 T TN IR AT KRR TE RAW, Bkt

51k ML, T o, R 77 T H-GEM B 2 S 1 A AT LR G . http://www.c-s-a.org.cn/1003-3254/10107.html

Multimodal Sentiment Analysis with H-GEM Model

YANG Xin-Hang, WANG Jing-Jing, CHEN Si-Yu, TIAN Hong
(School of Intelligent Railway Engineering, Dalian Jiaotong University, Dalian 116052, China)

Abstract: Traditional multimodal sentiment analysis methods often suffer from information redundancy during feature
concatenation and fusion, making it difficult to capture fine-grained and complex emotional features, while also exhibiting
limited robustness in modality-missing and cross-domain transfer scenarios. Meanwhile, most existing mixture of experts
(MoE) methods adopt a single-layered structure with ambiguous expert specialization, leading to functional overlap and
suboptimal generalization. To address these issues, this study proposes a hierarchical gated expert mixture (H-GEM)
model. A three-layer hierarchical expert architecture is constructed: a modality expert layer extracts modal features, a
fusion and abstraction expert layer adaptively selects fusion strategies, and a sentiment polarity expert layer performs fine-
grained modeling. In addition, information-theoretic and discriminative constraints are incorporated to enhance the
semantic discriminability and sparsity of expert selection. By leveraging hierarchical gating for progressive decision-
making, H-GEM ensures differentiated expert specialization and cross-task modeling. Experiments on CMU-MOSI and
CMU-MOSEI datasets demonstrate that H-GEM outperforms baseline models across a series of metrics. Compared with
single-layer MoE architectures, the significantly reduced routing entropy indicates effective mitigation of expert
redundancy. Moreover, the proposed model demonstrates higher robustness in low-resource and modality-missing
scenarios, highlighting its strong practical applicability.

Key words: multimodal sentiment analysis; hierarchical gating mechanism; mixture of experts (MoE); mutual

information constraint; robustness
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