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Abstract

Efficiently capturing consistent and complementary seman-
tic features in context is crucial for Multimodal Emotion
Recognition in Conversations (MERC). However, limited by
the over-smoothing or low-pass filtering characteristics of
spatial graph neural networks, are insufficient to accurately
capture the long-distance consistency low-frequency infor-
mation and complementarity high-frequency information of
the utterances. To this end, this paper revisits the task of
MERC from the perspective of the graph spectrum and pro-
poses a Graph-Spectrum-based Multimodal Consistency and
Complementary collaborative learning framework GS-MCC.
First, GS-MCC uses a sliding window to construct a multi-
modal interaction graph to model conversational relationships
and designs efficient Fourier graph operators (FGO) to ex-
tract long-distance high-frequency and low-frequency infor-
mation, respectively. FGO can be stacked in multiple layers,
which can effectively alleviate the over-smoothing problem.
Then, GS-MCC uses contrastive learning to construct self-
supervised signals that reflect complementarity and consis-
tent semantic collaboration with high and low-frequency sig-
nals, thereby improving the ability of high and low-frequency
information to reflect genuine emotions. Finally, GS-MCC in-
puts the coordinated high and low-frequency information into
the MLP network and softmax function for emotion predic-
tion. Extensive experiments have proven the superiority of the
GS-MCC architecture proposed in this paper on two bench-
mark data sets.

Introduction

With the continuous development of Human-Computer In-
teraction (HCI), the multimodal emotion recognition task
in conversation (MERC) has recently received extensive re-
search attention (Majumder et al. 2019; Ghosal et al. 2019;
Ai et al. 2024). MERC aims to identify the emotional state
of each utterance using textual, acoustic, and visual infor-
mation in the conversational context (Lian et al. 2023; Yang
et al. 2024), which is crucial for multimodal conversational
understanding and an essential component for building in-
telligent HCI systems (Hu et al. 2021; Mai et al. 2022). As
shown in Fig. 1, MERC needs to recognize the emotion of
each multimodal utterance in the conversation.
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Figure 1: An example of a multimodal conversation from

the MELD dataset. MERC aims to identify each utterance’s
emotion label (e.g., Neutral, Surprise, Joy).

Unlike traditional unimodal or non-conversational emo-
tion recognition (Gerczuk et al. 2021; Deng and Ren 2021),
MERC requires joint conversational context and multimodal
information modeling to achieve consistency and comple-
mentary semantic capture within and between modalities
(Zhang et al. 2024). Fig. 1 gives an example of a multi-
modal conversation between two people, Ross and Carol,
from the MELD dataset. As shown in utterance u4, Carol
has a “joy” emotion, which is vaguely reflected in textual
features but more evident in visual or auditory features re-
flecting the complementary semantics between modalities.
In addition, it is difficult to identify the emotion of “Sur-
prise” from the utterance u; alone. However, due to the po-
tential consistency of conversational emotions, it can be ac-
curately inferred based on previous utterances. Therefore,
the key to multimodal conversational emotion recognition
is to capture the consistency and complementary semantics
between multimodal information by utilizing the conversa-
tional context and emotional dependence between speakers
to reveal the speaker’s genuine emotion.



The current mainstream research method uses the Trans-
former (Lian, Liu, and Tao 2021; Ma et al. 2023; Zou,
Huang, and Shen 2023) or GNN (Li et al. 2023c,a; Tu et al.
2024) architecture to model the MERC task. Transformer-
based methods mainly learn complex semantic informa-
tion between multimodal and conversational contexts from
global sequence modeling. For example, CTNet (Lian, Liu,
and Tao 2021) builds a single Transformer and cross Trans-
former to capture long-distance context dependencies and
realize intra-module and inter-module information interac-
tion to achieve multimodal conversational emotion recog-
nition. Although transformer-based methods have made
progress from the perspective of global utterance sequence
modeling, this paradigm underestimates the complex emo-
tional interactions between multimodal utterances (Tu et al.
2024) and ignores the multiple relationships between utter-
ances (Chen et al. 2023), which limits the model’s emotion
recognition performance.

Benefitting from GNN’s ability to mine and represent
complex relationships (Yin et al. 2023, 2024), recent GNN-
based methods (Ai et al. 2024; Hu et al. 2021; Li et al.
2023b) have made significant progress in the MERC task.
For instance, MMGCN (Hu et al. 2021) fully connects all
utterance nodes of the same modality and connects differ-
ent modal nodes of the same utterance to build a heteroge-
neous graph to model the complex semantic relationships
between multimodal utterances, then uses a deep spectral
domain GNN to capture long-distance contextual informa-
tion to achieve multimodal conversational emotion recogni-
tion. Although these GNN-based methods show promising
performance, they still have some common limitations:

(1) Insufficient long-distance dependence perception.
Considerable methods (Ghosal et al. 2019; Ai et al. 2024;
Li et al. 2023c¢) using sliding windows to limit the length of
fully connected utterances and then using GNN to learn mul-
timodal utterance representations to achieve emotion recog-
nition. However, limited by the over-smoothing characteris-
tics of GNN (Liu et al. 2022; Yi et al. 2024), usually only
two layers can be stacked for capturing semantic informa-
tion, making it difficult for these methods to capture long-
distance emotional dependencies. Although the method (Hu
et al. 2021; Chen et al. 2023) without a sliding window can
enhance the capture of long-distance dependencies, it will
cause many nodes with the non-same emotions in the neigh-
borhood, which is not conducive to the representation learn-
ing of GNN and puts enormous performance pressure on
GNN. Therefore, previous GNN-based methods still have
limitations in long-distance dependency capture.

(2) Underutilization of high-frequency features. Many
studies have shown that GNN has low-pass filtering char-
acteristics (Nt and Maehara 2019; Chang et al. 2021; Yin
et al. 2022), which mainly obtain node representation by
aggregating the consistency features of the neighborhood
(low-frequency information) and suppressing the dissimilar-
ity features of the neighborhood (high-frequency informa-
tion). However, consistency and dissimilarity features are
equally important in the MERC task. When specific modal-
ities express less obvious emotions, information from other
modalities is needed to compensate, thereby revealing the

11419

speaker’s genuine emotions. Inspired by this, M3Net (Chen
et al. 2023) tried to use high-frequency information to im-
prove the MERC task and improved the emotion recogni-
tion effect by directly fusing high- and low-frequency fea-
tures. However, essential differences exist between high and
low-frequency features, and direct fusion cannot establish
efficient collaboration. Thus, previous GNN-based methods
still have limitations in utilizing and collaborating high and
low-frequency features.

Inspired by the above analysis, we propose a Graph-
Spectrum-based Multimodal Consistency and Complemen-
tary feature collaboration framework GS-MCC. The contri-
butions of our work are summarized as follows:

e We propose an efficient long-distance information learn-
ing module that designs Fourier graph operators to build
a mixed-layer GNN to capture high- and low-frequency
information to obtain consistency and complementary se-
mantic dependencies in multimodal conversational con-
texts.

We propose an efficient high- and low-frequency infor-
mation collaboration module that uses contrastive learn-
ing to construct self-supervised signals that reflect the
collaboration of high- and low-frequency information in
terms of complementarity and consistent semantics and
improves the ability to distinguish emotions between dif-
ferent frequency information.

We conducted extensive comparative and ablation ex-
periments on two benchmark data sets, [IEMOCAP and
MELD. The results show that our proposed method can
efficiently capture long-distance context dependencies
and improve the performance of MERC.

Related Work

Multimodal conversational context feature capture. In
early work, the MERC task mainly adopted GRU (Ma-
jumder et al. 2019) or LSTM (Poria et al. 2017) to capture
multimodal information in the conversational context. For
example, Poria et al. (Poria et al. 2017) proposed a mul-
timodal conversation emotion recognition model based on
Bidirectional Long Short-Term Memory (Bi-LSTM), which
captures multimodal contextual information at each time
step to understand conversational context relationships in
sequence data better. Although methods based on GRU or
LSTM can model multimodal conversation context, they
cannot capture long-distance information dependencies due
to limited memory capabilities. For instance, Ma et al. (Ma
et al. 2023) used intra-modal and inter-modal Transform-
ers to capture semantic information in a multimodal con-
versation context and designed a hierarchical gating mecha-
nism to achieve the fusion of multimodal features. Although
Transformer-based methods can capture long-distance se-
mantic information through global sequence modeling, they
underestimate the complexity of multimodal dialogue se-
mantics. Due to the superiority of GNN in modeling com-
plex relationships, most existing research chooses to use
GNN for global semantic capture and has achieved remark-
able results. For example, Li et al. (Li et al. 2023c) pro-
posed directed Graph-based Cross-modal Feature Comple-



mentation (GraphCFC), which alleviates the heterogeneity
gap problem in multimodal fusion by utilizing multiple sub-
space extractors and pairwise cross-modal complementa-
tion strategies. In addition, speaker information is vital in
emotion recognition because emotions are usually subjective
and individual experiences. Therefore, Ren et al. (Ren et al.
2021) built a graph model to incorporate conversational con-
text information and speaker dependencies, and then intro-
duced a multi-head attention mechanism to explore potential
connections between speakers.

Multimodal conversational context feature fusion.
Choosing an appropriate multimodal feature fusion strat-
egy is another crucial step in multimodal dialogue emo-
tion recognition (Chudasama et al. 2022; Zou, Huang, and
Shen 2023). For example, Zadeh et al. (Zadeh et al. 2017)
proposed Tensor Fusion Network (TFN), has advantages
in processing higher-order data structures (such as multi-
dimensional arrays) and is therefore better able to preserve
relationships between data when integrating multimodal in-
formation. Furthermore, contrastive learning has attracted
increasing research attention due to its powerful ability to
obtain meaningful representations through alignment fusion.
Wang et al. (Wang et al. 2022) proposed a multimodal fea-
ture fusion framework based on contrastive learning. The
framework first improves the ability to capture emotional
features through contrastive learning and then uses an at-
tention mechanism to achieve the fusion of multimodal fea-
tures. Although multimodal conversational emotion recog-
nition has made significant progress by modeling contextual
semantic information and feature fusion, the critical role of
high-frequency information in MERC has been ignored. To
this end, Hu et al. (Hu et al. 2021) proposed a Multimodal
Fusion Graph Convolution Network (MMGCN). MMGCN
can not only capture high and low-frequency information in
multimodal conversations, but also utilizes speaker informa-
tion to model inter-speaker and intra-speaker dependencies.
Similarly, Chen et al. (Chen et al. 2023) modeled MERC
from multivariate information and high- and low-frequency
information, further improving the effect of multimodal con-
versational emotion recognition. Nevertheless, as discussed
earlier, these methods do not profoundly explore the uses
of high and low-frequency signals, ignoring the consistency
and complementary synergy between them.

Preliminary
Multi-modal Feature Extraction

Consistent with previous work (Kim and Vossen 2021;
Shen et al. 2021; Chudasama et al. 2022), we employ
RoBERTa (Liu et al. 2019), openSMILE (Eyben, Wollmer,
and Schuller 2010) and 3D-CNN (Ji et al. 2012) models for
text, audio, and vision feature extraction, yielding respective
embeddings ¢z, ©q, and @,,.

Speaker Information Embedding

Inspired by previous work (Hu et al. 2021; Chen et al. 2023;
Zhang et al. 2024), we incorporate speaker information into
each unimodal utterance to obtain an unimodal representa-
tion of context and speaker information. The embedding of
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the i-th speaker is as follows:
)

where Wp,cqrer 1s the trainable weight. In addition, to ob-

tain higher-order feature representation, we utilize bidirec-

tional Gated Recurrent Units (GRU) to encode conversa-

tional text features. The specific encoding calculation is as
(+!7)1

follows:
ut:gRi (Sohut )7

Ugqg = Wa‘pa + ba»
Uy = Wv Py + bva
where W, b,, W, and b, are the learnable parameters of
the auditory and visual encoders, respectively. We then add

speaker embeddings to obtain speaker- and context-aware
unimodal representations:

S = Wspeaker3i7

2

m € {t,a,v}, 3)

where t, a, v represent text, audio, and vision modal, respec-
tively.

Tm :um—f—Si,

Methodology

The proposed Graph-Spectrum-based Multimodal Consis-
tency and Complementary collaborative learning framework
GS-MCC contains five modules: feature encoding, multi-
modal interaction graph construction, Fourier graph neu-
ral network, contrastive learning, and emotion classification.
The overall process of the GS-MCC is shown in the Fig. 2.

Multimodal Interaction Graph

Given a conversation sequence U = {uy,...,un} with N
multimodal utterances, under the restriction of the sliding
window k, we can construct a multimodal interaction graph
GF = (VF E*, A% X*), where the node v € V* repre-
sents a single-modal utterance and the edge e € E* rep-
resents two semantic interactive relationships between uni-
modal utterances, A is the adjacency matrix, and X k is the
feature matrix.

Nodes: We treat each modality in each utterance as an in-
dependent node, using text modal node %, auditory modal
node z?, and visual modal node x! represents, and uses the
corresponding features ¢ to represent the initial embed-
ding of the node.

Edges: We fully connect the nodes in the same mode
within sliding window k. In addition, we connect different
modal nodes of the same utterance to construct semantic in-
teractions between modalities.

7
m

Fourier Graph Neural Network

Fourier Graph Operator. For a given multimodal interac-
tion graph, G¥ = (V¥ E¥ Ak X*) where AF € R3N>3N
is the adjacency matrix, X* € R3V*9 is the feature matrix,
N is the number of multimodal utterances, and d is the di-
mension of the feature. According to FourierGNN (Yi et al.
2024), we can obtain the Green kernel x € R?*? that meets
the conditions based on the adjacency matrix A* and the
weight matrix W € R?¥¢, which needs to satisfy the condi-
tions & [i, j] = & [i — j], & [i,j] = AF; o W, and i and j are
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Figure 2: The overall architecture of the proposed model GS-MCC.

fall between 1 and 3NV. Based on the kernel x, we can obtain
the following Fourier graph operator Sg:

Sg _ f( ) c (C3N><d><d (4)
where F is the Discrete Fourier Transform (DFT). Accord-
ing to the graph convolution theory, we can express the
graph convolution operation as follows:

Fy, (XF,AF) = AR XMW = F1H (F (XF) F (k). (5

where 6 is the learnable parameter and F ! is the Inverse
Discrete Fourier Transform (IDFT). According to the con-
volution theory and the conditions of FGO, we can expand
the frequency domain term in Eq. (5) as follows:
F(XP) F (k) = F ((X* < r) [i])
=F (X ]kli— ) = F (X" ]k i, 4])
=F (A, X )W) = F (A*X*FW) . .
)

As seen from Eq. (6) , the graph convolution operation is
implemented through the product of FGO and features in the
frequency domain. In addition, according to the convolution
theory, the convolution of time-domain signals is equal to
the product of frequency-domain signals. The product op-
eration in the frequency domain only requires O(N) time
complexity, while the convolution operation in the time do-
main requires O (N 2) time complexity. Therefore, an effi-
cient graph neural network can be constructed based on the
Fourier graph operator.

To efficiently capture high- and low-frequency informa-
tion, we perform targeted optimization on FGO and use the
high-pass and low-pass filters to extract complementary and
consistent semantic information. The specific filter design is

as follows: s ) 2
L'=1+D;"?A*pgY (7

" =1-D;"?a*D 1/2 ®)

where I is the identity matrix, Dg and A’c are the de-
gree matrix and adjacency matrix of the multimodal inter-
action graph, respectively, and L' and L" are the low-pass
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and high-pass filters, respectively. Based on low-pass and
high-pass filters, we can obtain the following low and high-
frequency Green kernel and graph Fourier operator:

KM ) = L oW, )

Sih = F (;«J/h) . (10)

Finally, we can build an M-layer Fourier graph neural
network based on these efficient Fourier graph operators to
capture long-distance high and low-frequency dependency
information in multimodal interaction graphs:

M
Fll (X0, A4%) = 37 o (FXR)SEE 0+ bun)
m=0
(11)

Si/h I/h
gé[o m] H‘Sg—m (12)
1=0
where o is the activation function, b;/j, is the bias parameter,

Slg/il is the FGO in the ¢-th layer, [, and & represent low and

high frequencies respectively.

By stacking M layers of Fourier graph operators, our
model can capture long-distance dependency information
and obtain each node’s low-frequency feature representa-
tion, 7, , and high-frequency feature representation, =", re-
spectively.

Contrastive Learning

Low-frequency features reflect the trend of slow changes in
emotion, while high-frequency features reflect the trend of
rapid changes in emotion. To synergize these two features,
we employ contrastive learning to build self-supervised sig-
nals to promote consistent and complementary semantics
learning in multimodal utterances.

Inspired by the SpCo (Liu et al. 2022) method, increas-
ing the frequency domain difference between two contrast-
ing views can achieve better contrast learning effects. Unlike
SpCo, our contrastive learning is performed directly in the



frequency domain and does not rely on data augmentation to
generate contrastive views. Specifically, we use a combina-
tion of low-frequency contrast learning and high-frequency
contrast learning to promote the synergy of the two features.
In addition, we only use the strategy of negative sample pairs
far away from each other to increase the frequency domain
difference between contrasting views and obtain better con-
trast learning effects.

IFCL: Low Frequency Contrastive Learning. FCL
aims to use low-frequency samples as anchor nodes and
all high-frequency nodes as negative samples to construct
a self-supervised signal to increase the frequency domain
difference between contrast views to obtain better contrast
learning effects and promote consistent semantics and com-
plementary semantics learning in multimodal conversations.
For each low-frequency anchor node, the self-supervised
contrast loss can be defined as:

1 \T hi—
) )/T> E)

1 3N ((
Lrp=——+1 yr
IF 7_-1- Og<€ +;€
l

where 7 is the temperature coefficient, x;, is the low-
frequency anchor node, and 2~ is the i-th high-frequency
negative sample.

HFCL: High Frequency Contrastive Learning. HFCL
is similar to LFCL, except that HFCL uses high-frequency
samples as anchor nodes and all low-frequency nodes as
negative samples to construct a self-supervised signal to in-
crease the frequency domain difference between contrasting
views. The specific contrast loss can be defined as:

EHF——+1Og<1/T+Z m) o T>,(14)

where x” is the high-frequency anchor node, and 2!’ is the
i-th low-frequency negative sample.

The overall contrastive learning loss is the sum of LFCL
and HFCL, which can be expressed as Loy :

Lo =L+ Lur. (15)

Finally, we use the inverse discrete Fourier transform to
convert the high and low-frequency features into time do-
main features and concatenation the two parts of features to
obtain the final embedding representation of the uni-modal

utterance node:
vm= IDFT ( ) @ IDFT ( m) , (16)

where m € {t, a, v} represents any one of text, auditory and
visual modalities.

Emotion Classifier

For modal utterance U;, we concatenate the features of each
modality for emotion classification.

Ui = v, vl dvl, a7
U; = ReLU(U;), (18)
P; = softmax(W,U; + by,), (19)

9; = argmax(P;[7]), (20)

where W,, and b, are learnable parameters, and ¢; is the
predicted emotion label of utterance U;. Finally, we employ
categorical cross-entropy loss and contrastive loss for model
training.

Experiments
Experimental Details

Datasets and Evaluation Metrics: In our experiments,
we used two benchmark multimodal datasets IEMOCAP
(Busso et al. 2008) and MELD (Poria et al. 2019), which
are widely used in multimodal emotion recognition. In addi-
tion, we record the F1 for each emotion category, as well as
the overall weighted weighted average F1 (W-F1).

Baseline Methods: We compare several baselines on the
IEMOCAP and MELD datasets, including bc-LSTM (Poria
et al. 2017), and A-DMN (Xing, Mai, and Hu 2020) based
on RNN architecture, DialogueGCN (Ghosal et al. 2019),
LR-GCN (Ren et al. 2021), DER-GCN (Ai et al. 2024),
MMGCN (Hu et al. 2021), AdaIlGN (Tu et al. 2024), RGAT
(Ishiwatari et al. 2020) and CoMPM (Lee and Lee 2022)
based on GCN, EmoBERTa (Kim and Vossen 2021) and CT-
Net (Lian, Liu, and Tao 2021) based on Transformer archi-
tecture.

Experimental Setup: All experiments are conducted using
Python 3.8 and PyTorch 1.8 deep learning framework and
performed on a single NVIDIA RTX 4090 24G GPU. Our
model is trained using AdamW with a learning rate of le-
5, cross-entropy as the loss function, and a batch size of
32. The optimal parameters of all models were obtained
by performing parameter adjustment using the leave-one-
out cross-validation method on the validation set. Specif-
ically, in our experiments, the reported results are the av-
erages of 10 runs with different weight initializations. The
results are statistically significant (all p < 0.05) as deter-
mined by paired t-tests. Our code is publicly available at
https://github.com/FuchenZhang/GS-MCC.

Comparison with Baselines

Table 1 show the emotion recognition effects of the proposed
GS-MCC method and the baseline method on the IEMO-
CAP and MELD datasets, respectively. Specifically, on the
IEMOCAP dataset, GS-MCC has the best emotion recog-
nition effect, outperforming all comparison baselines, and
is 3.2% better than AdalGN on W-F1. In addition, GS-MCC
also has significant improvements in F1 values in some emo-
tion categories, such as “happy”, “neutral”, “excited” and
“frustrated”. Similarly, on the MELD data set, compared
with all comparison baselines, GS-MCC also has the best
emotion recognition effect, outperforming AdalGN by 2.2%
on W-F1. Furthermore, GS-MCC is optimal in F1 on “fear”,
“joy” and “disgust” emotion categories.

Experimental results demonstrate the effectiveness of GS-
MCC. The performance improvement may be attributed
to the proposed method’s ability to fully utilize long-
distance contextual semantic information from high- and
low-frequency signals while avoiding the over-smoothing
phenomenon of GCN. Furthermore, the number of model



Methods IEMOCAP MELD

Parmas. Happy Sad Neutral Angry Excited Frustrated W-F1 Neutral Surprise Fear Sadness Joy Disgust Anger W-F1
bc-LSTM (Poria et al. 2017) 1.28M 344 60.8 518 56.7 579 589 549 738 477 54 251 513 52 384 558
DialogueGCN (Ghosal et al. 2019) 12.92M 42.7 84.5 635 641 63.1 669 656 72.1 417 28 21.8 442 67 365 528
A-DMN (Xing, Mai, and Hu 2020) - 506 76.8 629 565 779 557 643 789 553 86 249 574 34 409 604
RGAT (Ishiwatari et al. 2020), 1528M 51.6 773 654 63.0 68.0 612 652 78.1 415 24 307 586 22 446 595
EmoBERTa (Kim and Vossen 2021) 499M 564 83.0 615 69.6 78.0 687 699 825 502 19 312 61.7 25 464 633
CTNet (Lian, Liu, and Tao 2021) 849M 513 799 658 672 787 588 675 774 503 100 325 56.0 112 44.6 602
LR-GCN (Ren et al. 2021) 1577M 555 79.1 63.8 69.0 74.0 689 69.0 80.8 57.1 0 369 658 11.0 547 65.6
MMGCN (Hu et al. 2021) 0.46M 423 787 61.7 690 743 623 662 77.1 539 0 177 569 0 426 594
CoMPM (Lee and Lee 2022) - 60.7 822 630 599 782 595 673 8.0 492 29 323 615 28 458 63.0
AdalGN (Tu et al. 2024) 6.3M 53.0 815 713 659 763 678  70.7 79.8 605 152 437 645 293 562 668
DER-GCN (Al et al. 2024) 78.59M 58.8 79.8 61.5 721 733 67.8 688 80.6 51.0 104 415 643 103 574 655
‘GS-MCC (OurModel) ~~~~~ 210M 654 812 709 70.8 814  71.0 739 81.8 583 238 358 664 30.7 544 69.0

Table 1: Comparison with other baselines on the IEMOCAP and MELD dataset. The best result in each column is in bold.

IEMOCAP dataset MELD dataset
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Figure 3: Loss trends on IEMOCAP and MELD datasets.
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Figure 4: Over-smoothing phenomenon of the model.

parameters of the proposed GS-MCC is only 2.10M, which
is far lower than DER-GCN and most other GCN-based
emotion recognition methods. Experimental results also
demonstrate the potential application of our method in ef-
ficient computing.

Trends of Losses

To verify the effectiveness of high- and low-frequency con-
trastive learning, we observed the loss trends of MMGCN,
GS-MCC without contrastive learning, and GS-MCC on the
IEMOCAP and MELD datasets. As shown in Fig. 3, GS-
MCC has the best convergence, which is significantly better
than MMGCN and GS-MCC without contrast learning. Ex-
perimental results demonstrate that the contrastive learning
mechanism we proposed can coordinate the convergence of
high-frequency and low-frequency features.
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Over-smoothing Analysis

To verify the inhibitory effect of GS-MCC on over-
smoothing, we stacked 4 layers and 8 layers of GCN re-
spectively to explore the comparative effect of the model.
The experimental comparison results are shown in Fig. 4.
Specifically, when 8 layers are stacked, MMGCN-8 has a
serious over-smoothing phenomenal, while GS-MCC-8 is
not obvious. When 4 layers are stacked, the convergence
of GS-MCC-4 is perfect, which is significantly better than
MMGCN-4. The experimental results show that GS-MCC
can alleviate the over-smoothing problem of the model to a
certain extent.

Ablation Study

Ablation studies for SE, Fourier GNN, CL. Speaker em-
bedding (SE), Fourier graph neural network (Fourier GNN)
and contrastive learning (CL) are the three key components
of our proposed multimodal emotion recognition model. We
only remove one proposed module at a time to verify the
effectiveness of the component. It is worth noting that when
Fourier GNN is removed, we use Dialogue GCN as the back-
bone of the model. From the emotion recognition results in
Table 2 we conclude: (1) All the modules we proposed are
useful, because no matter which proposed module is deleted,
it will cause the emotion recognition performance of the
model to decrease. (2) Speaker embedding has a relatively
large impact on the emotion recognition performance of the
model, because if the speaker embedding information is re-
moved on the IEMOCAP and MELD data sets, the emo-
tion recognition effect of the model will be greatly reduced.
The experimental results show that the embedded informa-
tion of the speaker is very necessary for the model to under-
stand emotions. (3) On the IEMOCAP and MELD datasets,
Fourier GNN is more important than contrastive learning.
We speculate that this is because Fourier GNN can cap-
ture high and low frequency signals to provide more useful
emotional semantic information, and the contrastive learn-
ing mechanism mainly assists Fourier GNN to better achieve
complementary and consistent semantic information collab-
oration.

Ablation studies for multimodal features. We conduct
ablation experiments on multimodal features to compare the



Methods IEMOCAP MELD Methods Running time (s)
W-Acc. W-F1  W-Acc. W-Fl IEMOCAP MELD
GS-MCC 73.1 73.3 68.1 69.0 DialogueGCN 58.1s 127.5s
wlo SE™ " T 7 T [70.3(12.5) 70.6(y2.7) 65.4(j2.7) 64.6(/44) RGAT 68.55 146.3s
w/o Fourier GCN 687(¢44) 677@,56) 6420{39) 641(¢49) LR-GCN 87.7s 142.3s
w/o CL 70-3@2.8) 71.3@2_0) 66.1@2.0) 65.9@3.1) MMGCN 93.7s 75.3s
__DER-GCN 12555 189.7s
Table 2: Ablation studies for SE, Fourier GNN, CL on the GS-MCC (Our Model) 56.8s 71.2s

IEMOCAP and MELD datasets.

performance of single-modal, bi-modal and tri-modal exper-
imental results to explore the importance of each modality.
The experimental results are listed in Table 3. We choose
W-Acc and W-F1 as evaluation metrics. In single-modal ex-
periments, text modality features achieved the best perfor-
mance, which shows that text features play a decisive role
in MERC. Video features have the worst emotion recog-
nition effect. We speculate that video features have more
noise signals, making it difficult for the model to learn ef-
fective emotional feature representation. In bi-modal exper-
iments, all bi-modal emotion recognition effects are better
than their own single-modal emotion recognition effects.
The tri-modal emotion recognition effect is the best among
all experiments. The improvement in performance may be
attributed to the fact that the effective fusion of multimodal
complementary semantic information can improve the fea-
ture representation ability of emotions.

. IEMOCAP MELD
Modality
W-Acc. W-F1 W-Acc. W-F1
T+A+V |73.8 73.9 68.1 69.0

A 5770161 5810158 53-8(1143 5341156
v 90.4(123.4) 50.5(123.4) 41.4(y26.7) 42.3(126.7)
T+A 71.6@2‘2) 71.0(\][2‘9) 66.3@1'8) 65.9@3‘1)
T+V 69.5@4_3) 68.7@5.2) 64.2@3.9) 64.1@4_9)
V+A 63.7“’10.1) 63.0@10_9) 54.6@13.5) 53'4(J,15.6)

Table 3: The effect of our method using unimodal features
and multimodal features, respectively.

Running Time

The traditional GCN method has a quadratic complexity in
the time domain, while our method has only a log-linear
complexity in the frequency domain. Table 4 shows the
inference time of different baseline GCN methods on the
IEMOCAP and MELD datasets. The experimental results
show that our model GS-MCC has good inference perfor-
mance and is significantly better than other baseline GCN
methods. Specifically, even compared with the frequency
domain method MMGCN or the unimodal time domain
method DialogueGCN, GS-MCC still has an advantage in
inference performance.

Table 4: Inference time on IEMOCAP, and MELD dataset.

Turn Utterence Emotion
I’m sorry, but the

0.2
Tum:) 2 4 6 8 ;40 12 14116 18 2022 24 26 28 3032 34 36 38 40 42

10 |moment I touch him, I| Anger Emotion 0.1
just wanna *+-** Turn| Utterence True | Prediceted
It, it's too late,
Turn Utterence Emotion 32 I'm with -+ Anger, Anger
Well tti
15 ell, next time your | o o
massaging ++++* X

Figure 5: An illustrative example of long-distance utterance
dependency capture in the IEMOCAP dataset.

Long Distance Dependence

To verify the importance of capturing long-distance utter-
ance dependencies, we tested our model GS-MCC on the
IEMOCAP dataset. As shown in Fig. 5, the target utterance
“32” achieves correct emotion prediction by capturing the
semantic dependencies of the long-distance utterance “10”
in the context.

Conclusions

In this paper, we rethink the problem of multimodal emotion
recognition in conversation from the perspective of the graph
spectrum, taking into account some shortcomings of exist-
ing work and innovations. Specifically, we propose a Graph-
Spectrum-based Multimodal Consistency and Complemen-
tary feature collaboration framework GS-MCC. First, we
combine sliding windows to build a multimodal interaction
graph to model the conversational relationship between ut-
terances and speakers. Secondly, we design efficient Fourier
graph operators to capture long-distance utterances’ consis-
tency and complementary semantic dependencies. Finally,
we adopt contrastive learning and construct self-supervised
signals with all negative samples to promote the collabo-
ration of the two semantic information. Extensive experi-
ments on two widely used benchmark datasets, [EMOCAP
and MELD, demonstrate the effectiveness and efficiency of
our proposed method.
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