%1 W R ¢ Vol. 54 No.l
2026 4E 1 H ACTA ELECTRONICA SINICA Jan. 2026

= = sl S - N —]

Rl TR 5 A 5 1 Sl P 45 M 1) 2 A0 i i JE
» AY A
Wk

g\_ }5&1,2,3,4’%;%4],%,‘_1.2.3.4’5& %1,2,3,4*’#5] %1,2.3.4’ 7?3%—4—1{3 2,3,4,5
(1. AR FEL2ERE AN 43006252, B BB R GE 5 L AW HE T E S50 =, Wbt 430062;
3. KBHRE G 54T PS04 TS S0 28, Wb il 430062 ;4. 1464 R A SCHERN R SRS SE - S R TA 175 ELAS BT
UL LRI 4300625 5. 1AL K24 267 1] 42 42, 1AL I 430062)

B OE: ZFIAXETEEGR ) (Multimodal Emotion Recognition in Conversation, MERC ) i i @il & SCR 153 A1
it A5 AT BORAR AXHE P E BRAS . BEE RHE N T RE AN BT A0 Bk & g, MERC A 1 G TR
MIAS B W58 #8005 . A HAR Gt SR — B IR | AR T VA BB A 8 2 T RS ff b il B2 175 SR 2 4R AIE , anseAs
3B ARG BN A, e S A A T A R M R R I A S (AN TR AT ) D) S SRR IR T 5 3R, X S
AME BA T AT, A B T4 S AR A v P A R . SR, AR BRI TIG IE Z2PK  1  R RIS A 5k
PETE(E BTN DA B 225 ABSNRHMEDHESUNBOE 8 5 2 0k 7 RS R G R H R R A5 TR R
Fo IR FOUR AR IARUNAT 55 8 &% 18 38 JRy S M 70 R s BEAE AR T4, S i B U 2 5 e I SRR U A v ff 1k 5 X i3 L
SCILEA R VIA G, 15 I8 11 52 B HTJG SCR 2R, BRI, el 78 5B BBORUR R SCfs 8R4 e vl 1 i — Kk
B o SR IR X e (] 5T, 7% S 45 4 KB S % (Large Language Model , LLM ) 54 J5) - JR B B 5k 1 45 4y , 2 110 T LLM-Emo-
Graph 7, BFESE IS BAE RS B Al & 5 s AU B . 1205151 A A SR AL ] Sk b RS TR AR =2 [ 1) e 2 A
A—EUEE M ABIAE(E BN SRR AR G R B o 38 OB B 3 2 [ )1 5, LLM-EmoGraph 32 F T 22488
A0 K RS R R W IE AL BE 7, 0R T AR e et . LB Y 38 N BURUEE RRIE Rl SR S B T SO B AR
B RO S R T T I ISR R, AR 2B S A B B T R B . AN S AR SR S IR 2
YA IR 287 26 B 2 5 | A5 I8 E BRI, A A0k T 2 R A 20 T8, 75 R AE A BR AR RSO T, AR
WREMERA 2% > 15 BRAE . SCBRZE R B, LLM-EmoGraph 7£ 24 3L AR 4L I 0 3B A =07, 1ok 7 A2
RS TEGR S o A RO A . BRI 5, LLM-EmoGraph i i G135 1Y 22 465 25 fl & S M R MRS T 5 A 55 o
252 R RO T AR IR B — RG], A R IR R G v A T AR PR AL TR SR

KW ZBINIE AN XGRS KR F I F M M2 FERL G

HEE&WH: MdbA TR H (No.2023BAA01S) ; b A BHE 0 B K BHE L3 (No.2024BAA008 )

hE 4SS TP391;TP399 XEkERIREG: A XEHRS: 0372-2112(2026)01-0340-12
F F 23R URL:http://www.ejournal.org.cn DOI1:10.12263/DZXB.20250772

Fusing Large Language Models with Cross-Domain Graphs for
Multimodal Emotion Recognition in Dialogue

HUANG Chen"***, MA Haobo"***, ZHANG Yan"***', YANG Chao"***, SONG Jianhua™*
(1. School of Computer Science, Hubei University, Wuhan, Hubei 430062, China;
2. Key Laboratory of Intelligent Sensing System and Security, Ministry of Education, Wuhan, Hubei 430062, China;
3. Hubei Key Laboratory of Big Data Intelligent Analysis and Application, Wuhan, Hubet 430062, China;
4. Hubei Province Project of Key Research Institute of Humanities and Social Sciences at Universities, Wuhan, Hubei 430062, China;
5. School of Cybersecurity, Hubei University, Wuhan, Hubei 430062, China)

Abstract: Multimodal emotion recognition in conversation (MERC) refers to the identification of emotional states in
conversations by integrating various modalities such as text, speech, and visual information. With the rapid development of
conversational Al and affective computing, MERC has become a research hotspot in the fields of affective computing and
human-computer interaction. Compared to traditional unimodal emotion recognition, multimodal approaches can capture
the multifaceted characteristics of emotions more comprehensively and accurately. For instance, text conveys explicit emo-

tional content, speech provides subtle emotional cues like tone, speed, and intonation, while visual information (such as fa-
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cial expressions) reflects non-verbal emotional expressions. These multimodal signals complement each other, enhancing
the accuracy and robustness of emotion recognition. However, multimodal emotion recognition faces several challenges.
First, there are significant differences in the representation of information across different modalities, and traditional meth-
ods like feature concatenation or weighted averaging fail to fully capture the complex interactions between modalities,
which can lead to information loss. Second, emotion recognition tasks often suffer from local noise and outlier samples,
which can degrade model stability. Lastly, the accuracy of emotion recognition is closely tied to the effective use of contex-
tual information in a conversation, as emotions are often influenced by preceding and succeeding dialogue. Thus, how to ef-
fectively extract and utilize contextual information becomes a major challenge in improving accuracy. To address these is-
sues, this paper proposes a novel emotion recognition method, LLM-EmoGraph, which combines large language model (LLM)
with global-local cross-domain graph structures to achieve precise fusion and efficient modeling of multimodal data. This
method introduces a multimodal masking mechanism to handle missing and inconsistent information across modalities, en-
suring that the model maintains good performance even with incomplete or low-quality information. Through large-scale
cross-domain multi-graph pretraining, LLM-EmoGraph enhances the model’s transferability between modalities and graph
structures, further improving its robustness. The innovative adaptive dual-scale feature fusion strategy aligns textual,
speech, and visual semantic features efficiently, improving emotion recognition accuracy, particularly in scenarios involving
high interaction among modalities. Additionally, the paper designs a weakly supervised hierarchical emotion classification
scheme based on LLM. This approach guides the extraction of emotional information layer by layer, effectively preventing
interference from global emotional patterns, and allows the model to learn emotional features accurately, even with limited
annotated data. Experimental results show that LLM-EmoGraph significantly outperforms existing mainstream methods on
multiple benchmark datasets, demonstrating its effectiveness and advancement in multimodal emotion recognition tasks. In
summary, LLM-EmoGraph, through its innovative multimodal fusion strategies, large-scale pretraining, and weakly super-
vised learning methods, provides effective solutions to a series of challenges in multimodal emotion recognition, offering
strong support for improving the accuracy and stability of emotion recognition systems.

Keywords: multimodal emotion recognition; dialogue system; large language model; graph neural network; feature
fusion
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Table 2 Performance comparison and result annotation on the

IEMOCAP dataset
JIAL | AL
TEETY 2% | RO | Pk | TR | My | THAE | HERR | F14Y
2% | KK

DialogueRNN [52.58|81.13|69.14|59.20|64.12|59.33| 66.68 | 65.50
DialogueGCN [46.12]77.90|61.92|54.31]68.22|59.43| 64.48 | 62.75
MMGCN 41.60(81.15(70.51(54.36(73.85(59.41| 66.54 | 66.18
MM-DFN 45.29(81.83(70.45(64.07|73.65(59.42| 66.52 | 66.22
COGMEN  [47.12]77.60|68.72161.88|69.82(59.86| 66.56 | 67.08
MultiEMO  [53.67(83.10{70.54|65.23|75.72|66.13| 67.61 | 66.51
SDT 63.95|81.20|74.21|69.41|78.98|61.02| 67.70 | 66.80
GraphCFC  |52.02{78.42|70.91|64.38|75.25|61.03| 69.30 | 68.27
RL-EMO 47.40(79.42(67.92(61.72(75.46(63.15| 67.39 | 66.57
LLM-EmoGraph|67.10|81.40|74.18|71.05|79.61|70.88| 75.50 | 75.02
TE LRI RS R, T RIZ RIS R

FEgEAT T TRk, an i 3 B o T v 22 0 TR X
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Table 3 Performance comparison and result annotation on the MELD dataset

B i A B P Tt IAGHERf /% | AL F1 534
DialogueRNN 79.12 40.38 60.78 26.04 53.12 64.80 65.02
DialogueGCN 78.67 41.61 61.57 14.02 53.44 64.47 64.44
MMGCN 78.75 43.75 61.25 19.05 55.62 65.20 65.75
MM-DFN 78.97 42.32 62.42 25.91 54.88 65.31 65.56
MultiEMO 78.81 40.30 62.53 24.88 53.45 64.89 65.12
SDT 79.26 40.52 61.58 25.94 54.86 64.95 65.34
GraphCFC 78.32 37.88 60.87 24.84 53.98 64.45 64.79
RL-EMO 78.96 40.97 62.56 23.72 54.62 64.85 65.25
LLM-EmoGraph 79.31 43.12 62.55 26.47 55.69 65.57 65.94

T
Fa MOSEIEREMAEL R SHERITE
Table 4 Performance comparison and result annotation on the MOSEI dataset

FEAY ik & E=2 U T TGRS /% | AL F1 535K
DialogueRNN 79.80 45.20 62.50 30.50 55.60 70.40 69.80
DialogueGCN 78.50 47.10 60.90 28.00 54.50 71.20 70.10
MMGCN 79.00 48.30 63.20 32.40 57.20 72.00 71.70
MM-DFN 80.10 46.90 64.50 34.20 58.10 73.50 72.90
MultiEMO 79.50 47.80 63.90 33.10 56.80 73.10 72.50
SDT 80.20 48.50 65.00 35.00 59.00 74.10 73.30
GraphCFC 79.30 46.00 62.80 31.50 55.80 72.70 71.90
RL-EMO 80.50 49.10 65.60 36.00 60.20 75.00 74.20
LLM-EmoGraph 81.10 50.00 65.50 37.50 59.30 76.80 75.50
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Figure 3 Confusion matrix of emotion transition samples in LLM-EmoGraph on the IEMOCAP and MELD datasets
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Table 5 Ablation study on key components of LLM-EmoGraph

Trik:

[EMOCAP [EMOCAP MELD MELD

IALHER /% JnELF1 535 JIAHER =R/ % JNALF1 535

LLM-EmoGraph

75.50

75.02

65.57 65.94

£Br MMS

71.18

71.74

64.39 64.72

£k ADSFF

69.63

68.88

63.27 63.06

2% LLM-EHL

71.34

72.18

64.05 64.01
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Figure 4  The impact of different window sizes on the performance of the

LLM-EmoGraph model
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Table 6 Multimodal emotion recognition methods compared with multimodal large models (GPT-40 / GPT-4V)

A TEMOCA JIA iR /% IEMOCAP AL F1 434K MELD JnAL e 2/ % MELD JIAX F1 5344

LLM-EmoGraph 75.50 75.02 65.57 65.94
GPT-40 70.12 69.35 63.47 63.85

GPT-4V 71.45 70.25 64.52 64.80
DialogueRNN 66.68 65.50 64.80 65.02
DialogueGCN 62.75 62.05 64.44 64.10

MMGCN 66.18 65.18 65.75 65.40
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