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Motivation
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Speaker 1 Speaker 2

Locality-Constrained @' é . :
Attention L Emotion Inertia

Frustrated Yeah. | come across angry?
L

(1) Many methods mostly use a simple
concatenation ignoring complex interactions
between modalities, resulting in leveraging
context information insufficiently or the
problem of data sparseness.

.
Angry What?

Well, you know a little. If you were to listen to-- NGHRILL -
J

I Okay. You're my friend you can tell me stuff.

meudl You can tell me honestly stuff, okay? Please.

(2) Besides, they simply consider the
emotional impact of context in the whole
conversation but neglect the emotional
Inertia of speakers and the fact that the local
context may have a higher impact than long- . ,
Angry  Okay. Okay no, no, okay no, | need to hear this

distance utterances. - | more. Come on, bring it.
Weight

| just don’t want you to fly off the handle. N'ouml ------
]

Frustrated | have a short fuse?

T
L Yeah. Neutral -----.
h——

Fig. 1. An example conversation between two speakers with
corresponding emotions evoked for each utterance illustrating the
importance of local context. 2
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(3) The existing graph-based methods also have limitations.

First, they mostly ignore the semantic similarity between context utterances
leading to a lack of semantic correlation.

Second, these models learn node embeddings by capturing local network
structure but ignore the position of the node within a broader context of the graph
structure and the deep semantic features from a global view.
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Fig. 2. lllustration of the proposed CMCF-SRNet consisting of two modules: cross-modal context
fusion module and semantic refinement module (LCA: locality-constrained attention).
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Fig. 3. (a) Unimodal embedding. 2 Cross-modality Context Fusion Module >
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Fig. 3. (a) Unimodal embedding. (b) Cross-modal LCA.
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Fig. 3. (a) Unimodal embedding. (b) Cross-modal LCA.
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Fig. 4. Semantic Information Refinement.
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hi = ReLU(Wlh; + b1) (15)
@
=l U P; = softmax(Wghz- + bo) (16)
2 & j; = argmax(P;) (17)
-
e
- = yi - logy;  (18)
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Emotion Classifier 0
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IEMOCAP(6-way): Emotion Categories MELD
Models Year | Happy Sad Neutral Angry Excited  Frustrated Average Average
WF1(%) WF1(%) WF1(%) WF1(%) WF1(%) WFI1(%) | WAA(%) WF1(%) | WF1(%)
Be-LSTM 2017¢ | 35.6 69.2 55.5 66.3 61.1 62.4 59.8 59.0 50.8
DialogueGCN 2019 | 42.7 84.5 63.5 64.1 63.0 66.9 65.2 64.1 55.8
CTNet* 2021 | 51.3 79.9 65.8 67.2 78.7 58.8 68.0 67.5 60.5
A-DMN~* 2022 | 50.6 76.8 62.9 56.5 717.9 55.7 64.6 64.3 60.4
[-GCN* 2022 | 50.0 83.8 593 64.6 74.3 59.0 65.5 65.4 60.8
MMDEFN* 2022 | 42.2 78.9 66.4 69.7 B 66.3 68.2 68.1 594
CMCEF-SRNet (Ours) | 2023 | 52.2+0.5 80.9+0.2 68.8+0.5 70.3+0.6 76.7+0.3 61.6+0.7 | 70.5+0.8 69.6+0.7 | 62.3+0.6

Table 2: Results on IEMOCAP (6-way) and MELD (* represents models with multimodal (A+T+V) setting).
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IEMOCAP(4-way)

Methods Year Modality | WF1(%)
Bc-LSTM 2017c i 76.8
DialogueGCN 2019 i § 81.7
CMCF-SRNet (Ours) | 2023 i i 85.6
CTNet 2021 A+T 83.6
COGMEN 2022 | A+T+V 84.5
CMCF-SRNet (Ours) | 2023 A+T 86.5

Table 3: Performance on IEMOCAP (4-way).
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hap 0.14 0.014 0.24 0.014

0.8

sad 1 0.029 0 0.14

0.6

0.021 0.039 0.07

0.044 0.094

ang 0 0.0059 0.041

exc4{ 0.16 0.0067 0.1 - 0.2

fru 0 0.029 0.14

0.0

Fig. 5. Visualization the confusion matrices: (a) on the IEMOCAP (6-way); (b) on the IEMOCAP (4-way).
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Table 4: Comparison with unimodal architectures and
ablation study on IEMOCAP(4-way) and MELD.

i! Tl
X

(b) Methods IEMOCAP (4-way) MELD
WAA(%) WFI1(%) | WAA(%) WFI(%)

8 : : ; : ‘ ‘ L 85.6 85.1 60.4 59.7
Fig. 6. Visualization using attention weights heatmap: A €0.6 59.2 55 539
(a) Intra-modal transformer; (b) Cross-modal LCA. AT 86.8 86.5 62.8 62.3
g SR Concat EER AcG SR Renwor Ours w/o LCA 83.6 83.2 6().5 59.3
T w/o ASB 84.5 84.1 61.1 60.3
§ w/o SEW 84.2 83.6 59.8 57.9
i w/o SPE 83.6 83.8 60.8 59.6
Ours 86.8 86.5 62.8 62.3
P IEMOCAP Acc MEWFL MELDAcc Concatenate 85.6 84.2 60.2 59.62
Add 84.3 83.9 59.8 58.5
Fig. 7. Performance of different fusion strategies com- Tensor Fusion 83.6 83.1 53.5 60.3
pared with ASB on MELD and IEMOCAP. Ours 86.8 86.5 62.8 62.3
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Fig. 9. Histogram of distance between the target utter-
ance and its (2nd) highest attended utterance on MELD.
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Fig. 8. T-SNE representation with and without semantic

information refinement components respectively on Fig. 10. Comparison for various window sizes.
(a) IEMOCAP (4-way) and (b) [IEMOCAP (6-way). 15
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