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Abstract: Objective Emotion recognition in conversations (ERC) aims to identify the emotional state of each utterance
within dialogues. Unlike traditional emotion recognition, which typically classify emotions in isolated utterances, ERC
must account for the dynamic evolution of emotions shaped by contextual cues throughout the dialogue. Two key emotional
dependencies are crucial: intra-speaker dependencies, representing emotional continuity or variation within the same
speaker, and inter-speaker dependencies, reflecting emotional influence between speakers. Properly modeling both depen-

dencies is essential for tracking emotional flow and transitions over time. However, existing methods often conflate these
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structures, failing to distinguish their unique characteristics, thereby limiting their performance. Concurrently, ERC relies
heavily on multimodal fusion of textual, acoustic, and visual cues to capture the full emotional context. Yet, current fusion
strategies frequently suffer from semantic misalignment, noisy or conflicting modality signals, and inadequate discrimina-
tion of relevant information. These shortcomings result in suboptimal multimodal representations and impair recognition
accuracy. Together, these challenges point to the need for a unified framework that can simultaneously disentangle emo-
tional dependencies and enable robust cross-modal semantic integration. Method A decoupled emotion dependencies and
cross-modal awareness network, named DECANet, is proposed for ERC to address the aforementioned challenges. The
core idea of DECANet lies in the structural disentanglement and dynamic integration of emotional dependencies. Specifi-
cally, two distinct subgraphs are constructed to separately model intra-speaker and inter-speaker emotional relationships.
The intra-speaker subgraph tracks emotional continuity or fluctuation within the same speaker’s dialogue turn, while the
inter-speaker subgraph captures emotion shifts triggered by interaction among different speakers. Each subgraph is pro-
cessed using graph attention networks augmented with learnable relation-type embeddings. These embeddings encode vari-
ous temporal and emotional relations, enabling more precise and context-sensitive propagation of affective cues across the
graph structure. A heuristic dynamic interaction strategy is introduced to bridge these two emotional structures while pre-
serving their independence. Drawing inspiration from Siamese architecture, the model concatenates original node features
with the outputs of both subgraphs to preserve foundational semantic information and ensure representation alignment.
Element-wise difference operations are used to quantify semantic divergence between representations, whereas element-
wise multiplication captures their semantic consistency. These composite features are then passed through a gating mecha-
nism, which adaptively learns fusion weights on the basis of the current conversational context. This selective integration
strategy enhances emotional discrimination by emphasizing the more informative dependency pathway under different condi-
tions. A context-aware self-attention mechanism is developed to further improve cross-modal semantic alignment. This com-
ponent performs iterative refinement of audio and visual modality representations through sequential integration of contex-
tual cues from other modalities. For example, audio features are initially refined via context-aware interaction with textual
representations, followed by a second-stage fusion with visual features, conditioned on the updated audio-text representa-
tion. This sequential alignment strengthens inter-modal cohesion and reduces modality gaps. Additionally, speaker embed-
dings and positional embeddings are incorporated to capture structural cues inherent in multiturn, multispeaker dialogues.
These embeddings help encode speaker-specific emotional tendencies and temporal structure within the conversation, facili-
tating context-aware emotion recognition. A semantic consistency-driven feature selection mechanism is employed to
address the issue of semantic noise and inconsistencies often introduced during multimodal fusion. This mechanism selec-
tively preserves only those multimodal representations that maintain high semantic similarity with their corresponding uni-
modal features. By filtering out semantically deviating or redundant signals, this process helps maintain the integrity of
emotion-related information and enhances the robustness of the final emotion representations. Finally, the entire model is
implemented under the supervision of multimodal and unimodal objectives, ensuring that the learned features retain dis-
criminative capacity while maintaining robustness across modality configurations. Result DECANet was evaluated on two
widely-used ERC benchmarks, IEMOCAP and MELD, consistently demonstrating competitive performance across multiple
evaluation metrics. On IEMOCAP, it achieved improvements of 1. 74% in accuracy and 1. 77% in weighted F1 score. On
MELD, it attained gains of 0. 63% in accuracy and 0. 52% in weighted F1. These results demonstrate the effectiveness and
generalizability of DECANet across diverse conversational scenarios. Comprehensive ablation studies further validate the
functional contribution of each proposed component. The removal of either the intra-speaker or inter-speaker subgraph
leads to notable performance degradation, underscoring the complementary roles of the two emotional dependency struc-
tures. Comparative experiments with single-graph modeling, parallel fusion, and hierarchical fusion strategies reveal that
the proposed heuristic dynamic interaction strategy consistently achieves superior results by enabling adaptive and context-
sensitive subgraph integration. Furthermore, the cross-modal context-aware self-attention mechanism is essential for effec-
tive multimodal fusion. Replacing it with conventional cross-attention or removing speaker and positional embeddings sig-
nificantly reduces model performance, highlighting the importance of fine-grained inter-modal alignment and contextual

sensitivity. In addition, the semantic consistency-based feature selection module effectively filters out semantically incon-
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sistent signals, thereby enhancing the robustness and discriminative quality of the resulting multimodal representations.

Conclusion DECANet effectively disentangles and models intra- and inter-speaker emotional dependencies in multispeaker

conversations. It further achieves fine-grained semantic alignment across modalities through an iterative and selective

fusion mechanism, enhancing the robustness and accuracy of multimodal emotion recognition. Extensive experiments

verify that DECANet offers a generalizable and interpretable solution for understanding emotions in complex dialogue sce-

narios.

Key words: emotion recognition in conversations (ERC) ; graph attention network (GAT) ; emotion dependency graph dis-

entanglement and fusion; multimodal fusion; cross-modal interaction mechanism
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Table 2 The overall performance of all models on the IEMOCAP dataset

1%

Ay ! Acc W-F1
% Eb s iR LAY ik
DialogueRNN 52.61 81.24 69.07 59.15 64.01 60.45 66.72 65.45
Dialogue GCN 46.28 77.84 61.90 54.38 68.09 59.47 64.51 62.70
MMGCN 41.58 81.20 66.14 64.12 73.72 60.84 66.50 66.17
MM-DFN 45.31 81.88 70.48 64.22 73.76 58.27 68.31 67.05
COGMEN 47.20 77.67 68.79 63.47 69.85 62.89 67.57 66.47
GraphCFC 52.80 78.39 70.97 64.40 75.30 61.04 69.35 68.26
RL-EMO 47.38 79.41 67.94 61.67 69.50 63.10 67.35 66.55
DER-GCN 58.80 79.80 61.50 72.10 73.30 67.80 69.70 69.40
DQ-Former 64.09 69.92 71.87 79.74 83.39 69.48 72.63 72.54
SEDC - - - - - - 71.60 71.68
DECANet(4<3¢) 60.42 80.89 75.23 68.38 82.54 70.57 74.37 74.31
E IHL R RIZ TR RN S 5 eIt LSS R =" RS R AR ISR TR SR TR A
#®3 FrE#EEAEMELD ¥iEE FHBGERN
Table 3 The overall performance of all models on the MELD dataset
1%
F1
Y Acc W-F1
thar ) R Et SR PR it

DialogueRNN 79.03 56.36 27.65 40.57 60.94 25.90 53.16 64.67 64.95
DialogueGCN 78.94 55.85 8.06 41.55 61.35 13.78 53.51 64.39 64.35
MMGCN 78.65 57.00 17.85 43.08 61.11 19.19 55.14 65.29 64.96
MM-DFN 78.91 57.57 21.53 42.16 62.37 25.50 54.75 65.28 65.45
GraphCFC 78.10 56.16 21.73 37.76 60.73 24.76 53.86 64.74 64.18
RL-EMO 78.81 56.49 24.44 40.78 62.33 23.48 54.48 65.04 65.14
DER-GCN 80.60 51.00 10.40 41.50 64.30 10.30 57.40 66.80 66.10
DQ-Former 78.31 59.13 21.90 39.93 60.84 26.54 59.13 64.88 64.70
SEDC - - - - - - - 67.43 66.16
DECANet(4<30) 79.83 58.86 25.64 41.95 64.99 30.36 54.67 67.43 66.62

TE IR R R TR R SR LA R =" FRIZAE RAEJFURTE SCAN AT 3R A

2.5 HRASCE

2.5. 1 AEEEM 17 2 2558 F AP Rl S
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FIALPE s 2 T BRIV E RE T, 2E— D B 1 %48

BAE ERCAT 55 Hh B B BT

AR, 2 T IRAGHE C R T TR 3 A 17 25 1Ol
HRO IE 7 [ A 25 R T VR R AT T 2 4N L
SEH . W3R, Y ER InterGAT 4HF )5, BEALAE
P G i g Can S5 7/ RO ) J T Hh B 2R
b, U6 Bl = T A JR] A 17 2 A0 S 2 ) 59 A 7Y
Xof A TH I 45 AR RE L A B RE O o AH R, YRR
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Table 4 Influence of relational subgraph interaction
module and its component on the overall effect of model

1%

IEMOCAP MELD
InterGAT  IntraGAT
Acc W-F1 Acc W-F1
x x 69.75 69.73  66.48  65.32
N X 7258 7250  66.70  65.98
x N 7277 7293 6686  65.78
N v 7437 7431 6743  66.62

TR FR & IR R A 5 X TR AT
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OB BE T 95 , 2R BT A T 0 1 45 18 AL
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U1 4 1 1 A% N Bl 25 AR DL A AR e 7, D
7714 58 R AP 55 175 28 R0 14 AR B2 1

IEMOCAP
m FAR5 InterGAT mmm F21% IntraGAT mmm £127 InterGAT, IntraGAT

K3 BERTIEB#

Fig. 3 Impact of subgraph removal
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Table 5 Performance under different interaction

strategies
1%
N IEMOCAP MELD
A& M
Acc W-F1 Acc W-F1
Ry 70.67 70.84 66.51 65.56

ey 7141 7149 6724 66.38
Priz 72.15 7213 67.01 66.09
WEFEE S 7055 7058 65.63  64.14

EAR k)
WEATH 7234 7254 6655 65.89
YNEEREES
- 7240  72.10 67.20 65.60
o052

DECANet(A3C) 7437 7431 6743  66.62
TE L AR B L4 2R
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Table 6 Results of ablation studies on the cross-modal context-aware fusion module

/%

IEMOCAP % i 48 MELD %idii 4
o7k
Ace W-F1 Ace W-F1
wlo 3 & i 73.94 73.80 66.70 65.87
wlo Bl AFRA 72.95 72.78 66.82 65.93
LRSS who BEZS b SR A 3 = L] 72.09 72.22 67.43 65.96
S &eN-wik:lkil 72.77 72.90 66.82 66.13
wlo 4 BB Al A 451 0% 70.79 70.86 67.20 66.22
A 69.07 69.22 66.50 66.01
Rl 53.23 52.70 47.09 41.32
. E 39.56 38.48 48.12 32.23
AR E ‘ N

AR + FH A 72.95 73.00 67.21 66.44
A + b 71.29 71.22 67.12 66.27
T+ A 53.97 53.38 47.05 41.41
DECANet(A3) 74.37 74.31 67.43 66.62
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FHAZ XU ML AR IEMOCAP B 4 | By
F1 /38U F [ 1. 41%, MELD 3045 % F F F% 0. 49%.
X 2R A B T A SCHE 9 1 R SCRGAHL ] #E
PERLASAT BN 55 5 F 0 R AE 4 B T g O 3, HLE
1o Bl A AL AR 1] ) 1 SR 5 B B AR, AT AL
METCR TG B TRl G FRB R S k.
3) MR R B RS il 45 S I, DECANet 75 P %X
AR F A HERR R AN F1(E 48 5 25 F e, DA 7E &2
B2 o] i A v, MO e 2 il B RRAE T BB 2 R B
ORISR I RRIE 2 ) A L FR AL . il ad 5] AR B
I AR AR AR ] ST A A i R AE 27 2T, DT
SR AL AR ] P[] AR AR |

Ry 25 53 BT A5 RS X I 4 R 3 B4 BTk, 43 i)
FERR—Fhal IR A TS0 0 . 3 6 R | LI 4h
F T UAR H LUF S50 D AEFr A SRR SLge vh |, 3¢
AREIAT T e BIYERE , i B S AR AR S | i
T SCARBSAL S LA P RS T 2 1G4 15
B X — RS A IR 4518 — 8 (Hu % ,2021; Hu
45,2022 Mao 55,2021 ; EIAS 45,2023) . AHE T
VERLAS , S AE IEMOCAP I MELD 04 £ 11y
B T A PRARES PR RE . X AT BEJE R A ASE (S S

WE AL A I B AR D) 52 BB (T,
FURRAE B BOSCR T M. A, AR ST SR G R 38 4
AEFR BT V205 oAy 15 B, W L A 18 20047 2 e S A
T3 2 1 RN B SR, e — e A BRI T 40
PRSI R, TR SRS R, AR
BEORE 20 1) O 5 R T A T M R RRAE R BE
71, I8 i B RS T SO S SRS AT AR A, {3
HEZBSRE TR EERVER . 8 CARBS BAR R
Mk REAG B, (H BE US4 $E SCAS ME L 3 bR SC
AAT ) BRI 17 28 A, AT 7E il R RN FE SOA
S RTHEAIRBIGE S, 2)TEXUE SR A SL
SCAS + 85 40 SCAS + 05 35 0L F B8 + 5 0. 7E
IEMOCAP EUHE4E [, SCAS + 35 WA 25 1 ME A 28 55 3
72.95%, L SCAR+ BB 1. 66% , MELD 445 42
R, 3)E4ER T ARARSHEE
ERCAL S H £, 51 A 3PS A5 Bt — 441
FETRERIVERE , LI 2 BES A GA B T X 24
FRAE ) AR RE 7 5 % 3 22 0 4 2k R I B TR
JE o ZE b ARSCHTHR Y Z RS Rl A IR S5 T
B RE R T PR S B RS R SRS ] R S
T SOOI, 3 2o i B 45 20 004 il A 2ok R 1
Zel i, W EIRT T 2SN RGeS



$31%5 /28 /2026 F£2 A

537
WPRE, BEEK, #EY, FIRA
FRHE 15 28 IR X 2R Y B 7S R A X 1 1 4 R A

76 SR A +

74 F - UK AR SO+ A
S 72+
Z 70
3‘ 68 -
366
Q
<64

62

60

Acc W-F1 Acc W-F1
IEMOCAP MELD

K4 ZETIORMBSALE XL

Fig. 4 Comparison of modality combinations with text
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Fig. 7 Impact of different noise levels on the model
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