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 a b s t r a c t

Multimodal Emotion Recognition in Conversation (MERC) aims to identify emotional category of each utterance 
by leveraging complementary cues from text, audio, and visual modalities. Despite recent advances, existing mul-
timodal fusion methods often suffer from cross-modal interference and inadequate handling of utterance-specific 
noise. To address these limitations, we propose a novel Cross-Modality Multiband Differential Conditional Diffu-
sion (CMDCD) framework. Specifically, our approach introduces an asymmetric fusion enhancement (AFE) mech-
anism to enhance representation learning of each modality. It alternately treats each modality as primary, using 
others as auxiliaries to provide complementary information and reduce cross-modal interference. Moreover, we 
develop a wavelet differential conditional diffusion (WDCD) module for multiband denoising. It first decomposes 
features into frequency subbands via wavelet transformation and then constructs differential representations to 
capture utterance-specific features, which are fed into a conditional diffusion process guided by cross-band sig-
nals to suppress utterance-specific noise while preserving fine-grained emotional cues. At last, we leverage a 
confidence-based fusion (CBF) strategy to further integrate the asymmetric fusion enhanced features and the 
multiband denoised features based on their prediction confidence. Extensive experiments on two widely utilized 
benchmarks demonstrate that CMDCD consistently outperforms the state-of-the-art methods. We have provided 
the source code of our proposed CMDCD model at the following link: https://github.com/madaler/CMDCD.

1.  Introduction

Multimodal Emotion Recognition in Conversation (MERC) aims to 
identify emotions in utterances by analyzing the dialogue content, bring-
ing significant benefits to intelligent human-computer interaction [1], 
course quality assessment  [2], and social media opinion mining [3]. 
Early methods employ Recurrent Neural Networks (RNNs) and Graph 
Convolutional Networks (GCNs) to identify emotions within the textual 
modality [4–6]. Since emotions are conveyed across multiple modalities, 
including text, audio, and video, relying solely on text is inadequate for 
a comprehensive understanding of conversational emotion [1].

Recent methods leverage sequential and graph structures to integrate 
text, audio, and video modalities for enhancing emotion detection [7]. 
For instance, CTNet [8] employs unimodal and cross-modal transformer 
to capture both intra- and inter-modal dependencies. MPT-HCL [9] 
adopts a multimodal prompt transformer with hybrid contrastive learn-
ing to fuse filtered multimodal cues and handle low-resource emotion 
categories. AdaIGN [10] utilizes GCNs to fuse multimodal features and 
applies Gumbel-Softmax to adaptively select nodes and edges, thereby 
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enhancing the effectiveness of modality interactions. HAUCL [11] in-
troduces a hypergraph autoencoder to learn multimodal information 
and long-range contextual dependencies while mitigating redundancy 
and over-smoothing issues in conventional graph models. Besides, SEDC 
[12] introduces a dual-channel architecture to decouple the processing 
of semantic and emotional information. The model employs contrastive 
learning to distill emotional features from each utterance, while simul-
taneously leveraging an external knowledge base to enrich the semantic 
representation of the dialogue.

Although these methods achieve promising results, they still suffer 
from the following limitations: (1) Cross-modal interference. Existing mul-
timodal fusion methods usually rely on a symmetric fusion strategy, 
where all modalities are treated equally [8,11]. This strategy often leads 
to mutual interference of information across modalities, thereby com-
promising the effectiveness of fusion [13]. (2)  Inadequate handling of 
utterance-specific noise. Existing multimodal fusion approaches primarily 
focus on capturing inter-modal dependencies to enhance fusion perfor-
mance, while paying less attention to the impact of noise within individ-
ual utterance during the fusion process. It may lead to the amplification 
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of negative effects during the fusion process, as noise from each utter-
ance propagates to other modalities and ultimately degrades the final fu-
sion results. Although recent research efforts, such as diffusion models, 
have achieved promising results in modality denoising, these methods 
mainly operate on original tangled features where salient information 
and noise are non-trivially intertwined [14].  Specifically, each utter-
ance inherently comprises two types of components: utterance-common 
features, which represent the core emotional semantics shared across 
the same category, and utterance-specific features, which encapsulate the 
unique nuances and noise specific to an individual utterance. It is worth 
noting that these utterance-specific features usually serve as the primary 
source of noise. Existing methods perform denoising directly on original 
features without distinguishing between them, which limits denoising 
effectiveness.

To address the aforementioned issues, we propose a novel Cross-
Modality Multiband Differential Conditional Diffusion (CMDCD) frame-
work for multimodal emotion recognition in conversation. The frame-
work is composed of three key modules: (1) Asymmetric Fusion
Enhancement (AFE). To alleviate the cross-modal interference caused 
by symmetric fusion mechanism, we propose an asymmetric fusion en-
hancement module that alternately treats each modality as the primary 
one, while the others act as auxiliaries for guiding integration. This 
design enables the model to learn more discriminative and expressive 
representations for the main modality while preserving complemen-
tary cues across modalities. (2) Wavelet Differential Conditional Diffu-
sion (WDCD). Unlike traditional methods, we propose to perform fine-
grained multiband denoising. Specifically, we decompose the original 
feature space into frequency subbands via wavelet transformation, en-
abling more fine-grained handling of noise across different frequency 
domains. Besides, we introduce emotion semantic prototypes to rep-
resent utterance-common features and construct differential represen-
tations to characterize utterance-specific features, which are then fed 
into a conditional diffusion process to suppress the utterance-specific 
noise. To enhance the denoising process of each subband space, we fur-
ther leverage signals from other subbands to guide the denoising proce-
dure. (3) Confidence-based Fusion (CBF). To harness the complementary 
strengths of above two modules, i.e., AFE and WDCD, we employ an 
adaptive fusion mechanism according to their prediction confidences, 
and combine the asymmetric fusion enhanced and multiband denoised 
features for optimal performance.

In summary, our contributions are as follows:
• We propose an asymmetric fusion enhancement mechanism to allevi-
ate cross-modal interference, which alternately treats each modality 
as the primary source and leverages auxiliary modalities to enhance 
main modality representation.

• We propose a wavelet differential conditional diffusion model for 
fine-grained, multiband denoising. It decomposes the feature space 
into frequency subbands via wavelet transformation and selectively 
suppress noise in utterance-specific features by constructing differen-
tial representations and leveraging cross-band conditional diffusion 
guidance to supervise the denoising procedure.

• We employ a confidence-based fusion strategy to adaptively inte-
grate asymmetric fusion enhanced and multiband denoised features, 
leveraging their complementary strengths to improve model effec-
tiveness and robustness.

• Extensive experiments on two benchmark datasets demonstrate that 
our method outperforms state-of-the-art baselines in terms of both 
accuracy and weighted F1-score (Fig. 1).

2.  Related work

2.1.  Multimodal emotion recognition in conversation

Emotion recognition in conversation has garnered increasing atten-
tion due to its wide applications across various fields. Existing stud-

ies could be broadly categorized into sequence-based and graph-based 
approaches, both aiming to model contextual dependencies and multi-
modal interactions. Sequence-based methods primarily relied on recur-
rent or transformer architectures to capture temporal and contextual 
dependencies. DialogueRNN [4] first proposed an RNN-based approach 
that tracked the speaker’s emotional state and contextual information 
through collaborative modeling of Global GRU, Party GRU, and Emotion 
GRU. CTNet [8] adopted a Transformer-based architecture combining 
multi-head attention and bidirectional GRU to capture both unimodal 
and cross-modal dependencies. MM-DFN [15] introduced a gating mech-
anism to dynamically aggregate contextual information across modali-
ties, effectively reducing redundancy and enhancing complementarity. 
CMCF-SRNet [16] integrated text and audio modalities through cross-
modal local constraint transformers and semantic graph transformers, 
improving contextual understanding and recognition accuracy. How-
ever, while sequence-based methods effectively capture temporal depen-
dencies, modeling the complex and often non-sequential dependencies 
across modalities remains a challenge.

To more flexibly capture the structured interactions and multimodal 
relationships within conversations, many graph-based approaches have 
been proposed. DialogueGCN [5] employed a GCN to model the con-
versation graph, optimizing the propagation of contextual information. 
By using a two-layer GCN, it strengthened emotional correlations be-
tween speakers. MMGCN [17] constructed a multimodal graph convo-
lutional network to facilitate the interaction of information from dif-
ferent modalities. M3Net [18] utilized hypergraph neural networks for 
multi-variable propagation, enhancing emotion recognition accuracy. 
HAUCL [11] proposed a hypergraph-based cross-modal emotion recog-
nition framework. By constructing hypergraph convolutions and intro-
ducing contrastive learning, it effectively integrated multimodal infor-
mation. AdaIGN [10] optimized the graph structure via an adaptive
interaction graph network and employed a self-supervised method to 
generate pseudo-labels, thereby improving emotion recognition accu-
racy.  LECM [19] leveraged emotion causes in real-time ERC by com-
bining a causal emotion entailment task with a cause-oriented tendency 
network, improving recognition of subtle emotional cues. FrameERC 
[20] used a frame let transform-based multimodal GNN to capture 
low- and high-frequency emotional signals and enhanced non-textual 
modality contributions via a dual-reminder fusion mechanism. MATCH 
[21] proposed a modality-calibrated hypergraph fusion network that 
calibrated utterance and speaker representations and constructed an 
emotion-aligned hypergraph to capture cross-modal and cross-utterance 
dependencies. SEDC [12] proposed a semantic and emotional dual chan-
nel strategy, by leveraging contrastive learning and knowledge enhance-
ment, the model effectively mitigated semantic noise and emotional 
confusion. Despite their encouraging progress, these methods usually 
struggle with cross-modal interference and insufficient noise modeling. 
To address these issues, we propose an asymmetric fusion enhancement 
mechanism and a wavelet differential conditional diffusion model to 
suppress cross-modal interference and utterance-specific noise.

2.2.  Diffusion model

In recent years, diffusion models had garnered significant atten-
tion in the field of generative modeling [22,23], with widespread ap-
plications in areas such as recommendation systems [24] and multi-
modal tasks [25,26]. Conventional models primarily consisted of two 
paradigms: Denoising Diffusion Probabilistic Models (DDPM) [27] and 
Score-based Generative Models (SGM) [28]. Currently, numerous stud-
ies explored the application of diffusion models in emotion recognition 
tasks. For example, IMDer [29] introduced a score-based diffusion to 
address the issue of missing modalities in emotion recognition. Top-
icDiff [30] integrated a denoising diffusion model with neural topic 
model to alleviate the lack of semantic diversity in traditional topic 
models when capturing multimodal topic information.  RMER-DT [31] 
proposed a conditional diffusion framework to iteratively reconstruct
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Fig. 1. Illustration of the CMDCD framework, which consists of three key components: (1) Asymmetric Fusion Enhancement (AFE), which alternately treats each 
modality as the primary source to reduce cross-modal interference and preserve modality-specific cues; (2) Wavelet Differential Conditional Diffusion (WDCD), which 
performs fine-grained multi-scale denoising by leveraging emotion semantic prototypes, differential representations, and cross-band conditional signals to suppress 
noise in utterance-specific features; and (3) Confidence-based Fusion (CBF), which adaptively integrates the enhanced features from AFE and WDCD, leveraging their 
complementary strengths to improve robustness and interpretability.

missing modalities and integrated the recovered features with a 
transformer-based fusion network, improving robustness under random 
modality missingness.

While recent diffusion-based methods have shown promising in han-
dling missing modalities and generative tasks, their application in multi-
modal emotion recognition remains limited, where they mostly operate 
on the original tangled feature space rather than decomposed frequency 
spaces, and do not differentiate utterance-common and utterance-
specific components. Our proposed model extends traditional diffusion 
frameworks by enabling fine-grained handling of noise across different 
frequency domains.

3.  Methodology

3.1.  Task definition and notation

Multimodal Emotion Recognition in Conversation (MERC) is defined 
as follows: given a conversation 𝑈 = {𝑢1, 𝑢2,… , 𝑢𝑁} containing 𝑁 utter-
ances, the model aims to predict the emotion label for each utterance 
in the conversation from a predefined set of emotion classes 𝐶. Each 
utterance consists of features from three modalities: text (𝑡), audio (𝑎) 
and vision (𝑣), represented as 𝑢𝑖 = {𝑢𝑡𝑖, 𝑢

𝑎
𝑖 , 𝑢

𝑣
𝑖 }, 𝑖 ∈ {1,… , 𝑁}. Addition-

ally, each utterance 𝑢𝑖 is associated with its corresponding speaker 𝑠𝑢𝑖 .
The overall framework of CMDCD is illustrated in Fig. 1. To facilitate 

understanding of the proposed CMDCD framework presented in the sub-
sequent sections, Table 1 provides a summary of the key mathematical 
symbols used throughout the paper.

3.2.  Feature extraction

The features of the text, audio, and visual modalities are first ex-
tracted from their respective raw data using the RoBERTa large model 
[32], the OpenSmile toolkit [33], and the DenseNet model [34], respec-
tively. Then, a one-dimensional convolutional neural network (Conv1D) 
is used to transform the feature dimensions of the three modalities into 
a 𝑑-dimensional space. The speaker index is mapped to the embedding 

space, resulting in the speaker embedding 𝑆. Subsequently, the position 
embedding 𝑃𝐸 is incorporated, and the three are added as follows:

𝑋𝑚 = 𝐻𝑚 + 𝑆 + 𝑃𝐸,𝑚 ∈ {𝑡, 𝑎, 𝑣}, (1)

where 𝐻𝑚 ∈ ℝ𝑁×𝑑 denotes the modality feature after dimension align-
ment, the feature sequence 𝑋𝑚 is used as the input for subsequent mod-
ules.

3.3.  Asymmetric fusion enhancement (AFE)

In multimodal conversations, the quality of different modalities usu-
ally varies considerably, and conventional strategy of symmetric fusion 
would lead to undesired interference between modalities, resulting in 
suboptimal outcomes. To mitigate this issue, we design an asymmetric 
fusion enhancement module that alternately treats each modality as the 
primary one, while leveraging the remaining modalities as auxiliaries to 
provide complementary information. It allows the model to learn more 
discriminative representations for the main modality while preserving 
informative cues from other modalities.

Taking text as the primary modality, for example, we use the text 
features 𝑋𝑡 as the query 𝑄, with keys 𝐾 and values 𝑉  provided by 𝑋𝑡, 
𝑋𝑎, and 𝑋𝑣, respectively. The process of integrating audio information 
into text features is formulated as:

𝐹 𝑡𝑎 = FFN(Sof tmax(𝑋𝑡𝑊
𝑄
𝑡 (𝑋𝑎𝑊

𝐾
𝑎 )𝑇 ∕

√

𝑑ℎ)𝑋𝑎𝑊
𝑉
𝑎 ), (2)

where 𝑊 𝑄
𝑡 ,𝑊 𝐾

𝑎 ,𝑊 𝑉
𝑎  are trainable projection matrices for 𝑄, 𝐾, and 𝑉 . 

FFN denotes a feed-forward network, and 𝐹 𝑡𝑎 represents text features 
enhanced with audio cues. Similarly, we obtain text features fused with 
visual information 𝐹 𝑡𝑣 and contextual features 𝐹 𝑡𝑡. These features are 
concatenated and projected to produce the final fusion feature 𝐹 𝑡 for 
text as the primary modality:

𝐹 𝑡 = MLP(Concat(𝐹 𝑡𝑡, 𝐹 𝑡𝑎, 𝐹 𝑡𝑣)). (3)

The same procedure is also applied to derive the audio-primary features 
𝐹 𝑎 and the visual-primary features 𝐹 𝑣.
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Table 1 
Summary of key notations.
 Notation  Description
𝑋𝑚  Conversation sequence feature of modality 𝑚 (text, visual, or audio), where 𝑚 ∈ {𝑡, 𝑎, 𝑣}.
𝑆  Speaker embedding obtained via speaker identity indexing.
𝑃𝐸  Positional encoding used to model the temporal order of utterances in a conversation.
𝑍𝑗  Multimodal frequency-domain conversational feature in subband 𝑗 ∈ {𝐿𝐿,𝐻𝐿,𝐿𝐻,𝐻𝐻} obtained via wavelet transform.
𝑃 𝑚  Emotion semantic prototype corresponding to modality 𝑚.
𝐺𝑗  Multimodal frequency-domain conversational prototype feature corresponding to subband 𝑗.
𝑞(𝑥𝑡|𝑥𝑡−1)  The conditional distribution of 𝑥𝑡 under the 𝑥𝑡−1 condition in the forward process.
𝑥0  Initial input of the forward diffusion process.
𝑥𝑡  Feature at step 𝑡 in the forward diffusion process.
𝑥𝑐  Conditional feature used to guide noise recovery.
𝛽𝑡  Variance control parameter of Gaussian noise in the forward diffusion, with 𝛽𝑡 ∈ (0, 1).
𝛼𝑡 = 1 − 𝛽𝑡  Proportion of the original signal retained at timestep 𝑡, with 𝛼𝑡 ∈ (0, 1).
𝛼̄𝑡  Cumulative product of 𝛼𝑡 up to timestep 𝑡.
𝜖𝑡  The standard Gaussian noise added in the t-th step of forward diffusion.
𝑝𝜃 (𝑥𝑡−1|𝑥𝑡 , 𝑥𝑐 )  The conditional distribution of 𝑥𝑡−1 under the conditions of 𝑥𝑡 and 𝑥𝑐 predicted in the reverse diffusion process.
𝜇𝜃  The conditional mean of the reverse diffusion distribution 𝑥𝑡−1 predicted by the neural network.
𝜎2
𝑡  The fixed variance of the distribution of 𝑥𝑡−1 in the reverse process.

𝜖𝜃  The estimated noise predicted by the neural network at timestep 𝑡.
𝑎𝑘𝑖  Contribution weight of utterance i in modality k.

3.4.  Wavelet differential conditional diffusion (WDCD)

Multimodal features often contain noise that varies across different 
spectral spaces, which can degrade emotion recognition performance if 
not handled properly. To address this issue, we propose a novel wavelet 
differential conditional diffusion module that performs multiband de-
noising in the frequency domain based on the discrete wavelet transform 
technique. By decomposing features into multiple frequency subbands, 
our model can selectively suppress utterance-specific noise.

3.4.1.  Discrete wavelet decomposition
The discrete wavelet transform (DWT) is widely used in signal pro-

cessing and low-level vision tasks [35,36]. In particular, we apply the 
Haar wavelet [37], which decomposes the signal using two orthogonal 
filters: low-pass filter 𝐿 and high-pass filter 𝐻 . The former smooths the 
signal, while the latter detects local changes or discontinuities. The fil-
ters are defined as follows:
𝐿 = 1

√

2
[1, 1]𝑇 ,𝐻 = 1

√

2
[1,−1]𝑇 . (4)

Given the feature representation 𝑋𝑚 ∈ ℝ𝑁×𝑑 for the three modalities, 
we apply DWT to decompose the features of each modality into four 
frequency subbands:
[𝑋𝑚

𝐿𝐿, 𝑋
𝑚
𝐻𝐿, 𝑋

𝑚
𝐿𝐻 , 𝑋𝑚

𝐻𝐻 ] = DWT(𝑋𝑚), (5)

where 𝑋𝑚
𝐿𝐿 reflects low-frequency information, while 𝑋𝑚

𝐻𝐿, 𝑋𝑚
𝐿𝐻 , and 

𝑋𝑚
𝐻𝐻  correspond to high-frequency information in the horizontal, ver-

tical, and diagonal directions, respectively. These subbands are down-
sampled to half the input dimension without any loss of information 
due to the biorthogonal property of DWT [38]. To model the frequency-
domain structure of multimodal information more effectively, we com-
bine the corresponding frequency subbands from different modalities to 
form four multimodal frequency component features:
𝑍𝑗 = Concat(𝑋𝑡

𝑗 , 𝑋
𝑎
𝑗 , 𝑋

𝑣
𝑗 ), 𝑗 ∈ {𝐿𝐿,𝐻𝐿,𝐿𝐻,𝐻𝐻}, (6)

where 𝑍𝑗 ∈ ℝ3×𝑁
2 × 𝑑

2  is used to construct the differential input for the 
subsequent diffusion enhancement module, enabling the model to learn 
both contextual and multimodal features in the wavelet space.

3.4.2.  Differential conditional diffusion
Existing denoising methods typically operate directly on original 

feature representations, and the denoising effect will be compromised 
due to both utterance-common and utterance-specific components are 
highly entangled. To alleviate this issue, we introduce differential repre-
sentations to explicitly capture utterance-specific features. Specifically, 

based on the observation that utterances sharing the same emotion 
category exhibit consistent emotional semantics, we construct emotion
semantic prototypes, which reflect utterance-common features, by aver-
aging utterance features within each emotion class. Differential repre-
sentations are then obtained by subtracting the corresponding emotion 
prototype from each utterance original feature representation. By ap-
plying diffusion-based denoising to these differential representations, 
the model can focus on suppressing utterance-specific noise, resulting 
in more effective denoising.

Specifically, we first compute the emotion semantic prototype 𝑃  cor-
responding to all labels. Taking the text modality as an example, given 
the text modality features 𝑋𝑡 ∈ ℝ𝑁×𝑑 and the corresponding emotion 
category labels 𝑌 ∈ ℝ𝑁 , where 𝑌𝑖 ∈ 𝐶 denotes the emotion category 
corresponding to the 𝑖-th utterance in the emotion category set 𝐶. We 
compute average pooling on the features of all utterances with the same 
label in 𝑋𝑡 to obtain the emotion semantic prototype for the conversa-
tional text modality 𝑃 𝑡. For each emotion category, the corresponding 
emotion semantic prototype is computed as:

𝑃 𝑡
𝑐 = 1

|𝑆𝑐 |

∑

𝑖∈𝑆𝑐

𝑋𝑡
𝑖 , (7)

where 𝑆𝑐 = {𝑖 ∣ 𝑌𝑖 = 𝑐} represents the index set of utterances with emo-
tion category 𝑐 in the conversation, and |𝑆𝑐 | indicates the number of ut-
terances with emotion category 𝑐. Similarly, 𝑃 𝑎 and 𝑃 𝑣 can be obtained. 
Following the procedure in Section 3.4.1, we perform DWT and fre-
quency subband reorganization on the conversational emotion seman-
tic prototype to obtain the corresponding frequency emotion semantic 
prototype:

[𝑃𝑚
𝐿𝐿, 𝑃

𝑚
𝐻𝐿, 𝑃

𝑚
𝐿𝐻 , 𝑃𝑚

𝐻𝐻 ] = DWT(𝑃𝑚), (8)

𝐺𝑗 = Concat(𝑃 𝑡
𝑗 , 𝑃

𝑎
𝑗 , 𝑃

𝑣
𝑗 ), 𝑗 ∈ {𝐿𝐿,𝐻𝐿,𝐿𝐻,𝐻𝐻}. (9)

Taking the low-frequency subband 𝐿𝐿 as an example, the differen-
tial diffusion module can be divided into forward diffusion process and 
reverse diffusion process:

• Forward Diffusion Process: The forward diffusion process can be 
viewed as a Markov chain that gradually adds gaussian noise to 
the data. In this process, we construct a differential distribution 
𝑥𝐿𝐿0 = 𝑍𝐿𝐿 − 𝐺𝐿𝐿 as the input. At each time step 𝑡, Gaussian noise is 
gradually added to the distribution as follows:

𝑞(𝑥𝐿𝐿𝑡 |𝑥𝐿𝐿𝑡−1) =  (𝑥𝐿𝐿𝑡 ;
√

1 − 𝛽𝑡𝑥
𝐿𝐿
𝑡−1, 𝛽𝑡𝐼), (10)
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where 𝛽𝑡 controls the variance of the noise. Let 𝛼𝑡 = 1 − 𝛽𝑡, then the 
process is expressed as:
𝑥𝐿𝐿𝑡 =

√

𝛼𝑡𝑥
𝐿𝐿
𝑡−1 +

√

1 − 𝛼𝑡𝜖𝑡−1, 𝜖𝑡−1 ∼  (0,). (11)

After merging the gaussian distribution, we obtain:
𝑞(𝑥𝐿𝐿𝑡 |𝑥𝐿𝐿0 ) =  (𝑥𝐿𝐿𝑡 ;

√

𝛼̄𝑡𝑥
𝐿𝐿
0 , (1 − 𝛼̄𝑡)𝐼). (12)

• Reverse Diffusion Process: The reverse diffusion process aims to 
recover the differential distribution from gaussian noise, which is 
expressed as:
𝑝𝜃(𝑥𝐿𝐿𝑡−1|𝑥

𝐿𝐿
𝑡 , 𝑥𝐿𝐿𝑐 ) =  (𝑥𝐿𝐿𝑡−1;𝜇𝜃(𝑥

𝐿𝐿
𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡), 𝜎2𝑡 ), (13)

where condition 𝑥𝐿𝐿𝑐 = 𝑍𝐻𝐿 +𝑍𝐿𝐻 +𝑍𝐻𝐻  is leveraged to guide the 
recovery of the noise added during the forward diffusion process. 
Previous studies have suggested that different frequency subbands 
provide complementary cues [38], with low-frequency components 
encoding global semantics and high-frequency components captur-
ing fine-grained details. Cross-band conditioning exploits this com-
plementarity to guide more effective denoising. 𝜇𝜃(𝑥𝐿𝐿𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡) and 
𝜎2𝑡  are the mean and variance estimated at step t, respectively, which 
are expressed as:

𝜇𝜃(𝑥𝐿𝐿𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡) = 1
√

𝛼𝑡
(𝑥𝐿𝐿𝑡 −

𝛽𝑡
(1 − 𝛼𝑡)

𝜖𝜃(𝑥𝐿𝐿𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡)), (14)

𝜎2𝑡 =
1 − 𝛼𝑡−1
1 − 𝛼𝑡

𝛽𝑡, (15)

where 𝜖𝜃(𝑥𝐿𝐿𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡) is the noise value estimated by the U-Net model. 
Specifically, the time-step information is first encoded by a positional 
embedding function and added to the 𝑥𝐿𝐿𝑡 , and then concatenated 
with the conditional feature along the channel dimension as the in-
put to the U-Net: 
𝜖𝜃(𝑥𝐿𝐿𝑡 , 𝑥𝐿𝐿𝑐 , 𝑡) = U-Net(Concat(𝑥𝐿𝐿𝑡 + PE(𝑡), 𝑥𝐿𝐿𝑐 )). (16)

To optimize the model, we minimize the error between the estimated 
noise and the noise added during the forward diffusion process. The 
loss function for the diffusion process is given by:

𝑑𝑚 = ‖𝜖 − 𝜖𝜃(
√

𝛼𝑡𝑥
𝐿𝐿
0 +

√

1 − 𝛼𝑡𝜖, 𝑥
𝐿𝐿
𝑐 , 𝑡)‖. (17)

In the inference process, we use gaussian noise as the starting point 
for the reverse diffusion process. The denoised low-frequency features 
are obtained by subtracting the differential distribution 𝑥̂𝐿𝐿0  generated 
by the diffusion model from the initial low-frequency features 𝑍𝐿𝐿:

𝑍̂𝐿𝐿 = 𝑍𝐿𝐿 − 𝑥̂𝐿𝐿0 . (18)

Similarly, we can obtain the denoised features of the remaining frequen-
cies. Subsequently, we split and reorganize the enhanced frequency-
domain features and perform the inverse discrete wavelet transform 
(IDWT) to restore the features for the three modalities:
𝑋̂𝑚 = IDWT(𝑋̂𝑚

𝐿𝐿, 𝑋̂
𝑚
𝐻𝐿, 𝑋̂

𝑚
𝐿𝐻 , 𝑋̂𝑚

𝐻𝐻 ), (19)

where 𝑋̂𝑚 is the result after multiband utterance-specific feature denois-
ing. The final conversation feature is obtained by summing the denoised 
features from the three modalities:
𝐹 𝑑 = 𝑋̂𝑡 + 𝑋̂𝑎 + 𝑋̂𝑣. (20)

3.5.  Confidence-based fusion (CBF)

To effectively integrate the asymmetric fusion enhanced features and 
the multiband denoised features, we introduce a confidence-based fu-
sion module. This strategy aims to adaptively balance the contributions 
of different proceeded representations according to their prediction con-
fidence. Specifically, each enhanced or denoised representations inde-
pendently predicts the emotion distribution through a corresponding 
classifier:

𝑦̂𝑘𝑖 = Softmax(MLP𝐤(𝐹 𝑘
𝑖 )), 𝑘 ∈ {𝑑, 𝑡, 𝑎, 𝑣}, (21)

Algorithm 1 CMDCD framework training.
Input: Multimodal features {𝑋𝑡, 𝑋𝑎, 𝑋𝑣}; Training labels 𝑌 ; Max steps 
𝑇
Output: Final predicted labels 𝑌

1. Data Preparation
For each 𝑚 ∈ {𝑡, 𝑎, 𝑣} do:

(a) 𝑃𝑚
𝑐 ← MeanPooling(𝑋𝑚, 𝑌 ),∀𝑐 ∈ 𝐶  // Generate proto-
types via Eq.  (7)

(b) {𝑋𝑚
𝑗 , 𝑃

𝑚
𝑗 }𝑗∈{𝐿𝐿,𝐻𝐿,𝐿𝐻,𝐻𝐻} ← DWT(𝑋𝑚, 𝑃𝑚)  // Multi-

band decomposition via Eq. (5), Eq. (8)
(c) 𝑍𝑗 ← Concat(𝐹 𝑡

𝑗 , 𝐹
𝑎
𝑗 , 𝐹

𝑣
𝑗 ),

𝐺𝑗 ← Concat(𝑃 𝑡
𝑗 , 𝑃

𝑎
𝑗 , 𝑃

𝑣
𝑗 )

2. Differential Conditional Diffusion(DCD)
For each 𝑗 ∈ {𝐿𝐿,𝐻𝐿,𝐿𝐻,𝐻𝐻} do:

(a) 𝑥𝑗0 ← 𝐺𝑗 −𝑍𝑗

(b) compute 𝑞(𝑥𝑗𝑡 |𝑥𝑗0) // Forward diffusion via Eq.  (10)-(12)
(c) 𝑥𝑗𝑐 ←

∑

𝑘≠𝑗 𝑍𝑘  // Construct condition
(d) 𝑥̂𝑗𝑇 ∼  (0, 𝐈)  // Initialize Gaussian noise
(e) For 𝑡 = 𝑇  down to 1 do:

i. 𝜖𝜃 ← U-Net(𝑥̂𝑗𝑡 , 𝑥
𝑗
𝑐 , 𝑡)  // Estimate noise via Eq. (16)

ii. 𝑝𝜃(𝑥̂
𝑗
𝑡−1|𝑥̂

𝑗
𝑡 , 𝑥

𝑗
𝑐 ) ← ReverseStep(𝑥̂𝑗𝑡 , 𝜖𝜃 , 𝑡) // compute va 

Eq.  (13)-(15)
iii. 𝑥̂𝑗𝑡−1 ∼ 𝑝𝜃(𝑥̂

𝑗
𝑡−1|𝑥̂

𝑗
𝑡 , 𝑥

𝑗
𝑐 )  // Sample to obtain the next 

latent state
iv. 𝑑𝑚 ← 𝑑𝑚 +MAE(𝜖𝑡, 𝜖𝜃)

(f) 𝑍̂𝑗 ← 𝑥̂𝑗0 +𝑍𝑗  // Restore denoised subband

3. Wavelet Differential Conditional Diffusion
For each 𝑚 ∈ {𝑡, 𝑎, 𝑣} do:

(a) 𝑍̂𝑚
𝑗 ← DCD(𝐺𝑚

𝑗 , 𝑍
𝑚
𝑗 , 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

(b) 𝑋̂𝑚
𝑗 ← 𝑍̂𝑚

𝑗  // split and reorganize
(c) 𝑋̂𝑚 ← IDWT(𝑋̂𝑚

𝐿𝐿, 𝑋̂
𝑚
𝐻𝐿, 𝑋̂

𝑚
𝐿𝐻 , 𝑋̂𝑚

𝐻𝐻 )

(d) 𝐹 𝑑 ← 𝑋̂𝑡 + 𝑋̂𝑎 + 𝑋̂𝑣.

4. Asymmetric Fusion Enhancemen

(a) 𝐹𝑚 ← AFE(𝑋𝑡, 𝑋𝑎, 𝑋𝑣),∀𝑚 ∈ {𝑡, 𝑎, 𝑣} // Eq.  (2)-(3)

5. Confidence-based Fusion

(a) 𝑌 , ← CBF({𝐹 𝑑 , 𝐹 𝑡, 𝐹 𝑎, 𝐹 𝑣})  // Eq.  (22)-(24)
(b) Optimize the loss 

6. Return 𝑌

where 𝑦̂𝑘𝑖  indicates the emotional prediction probability of the 𝑖-th ut-
terance in the 𝑘-th classifier. The corresponding cross-entropy loss is:

𝑘
𝑖 = −

𝐶
∑

𝑗
𝑦𝑖𝑗 log(𝑦̂𝑘𝑖𝑗 ), (22)

where 𝑦𝑖 is the true label and 𝑗 represents the 𝑗-th category. To better 
capture the contribution of each proceeded representation, we utilize a 
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Table 2 
Statistics of IEMOCAP and MELD datasets.
 Dataset  Dialogues  Utterances  Classes

 train  valid  test  train  valid  test
 IEMOCAP  120  31  5,810  1623  6
 MELD  1039  114  280  9989  1109  2610  7

weight factor 𝑎𝑘𝑖  for the 𝑖-th utterance in the 𝑘-th classifier:

𝑎𝑘𝑖 =

{

∏

𝑗≠𝑘

(

1 −MAX(𝑦̂𝑗𝑖 )
)

}𝛿

, (23)

where the hyperparameter 𝛿 controls the learning degree of the weight 
factor, determining the utilization of multimodal data. Additionally, we 
use the maximum predicted probability MAX(𝑦̂𝑗𝑖 ) only during inference, 
while leverage the predicted probability corresponding to the ground-
truth label during training. If a classifier shows better predictive perfor-
mance, the weight of the other classifiers will be compressed, and the 
weight of the dominant classifier will be relatively amplified. Finally, 
the total prediction probability is the weighted sum of the individual 
classifier prediction probabilities.

Our proposed CMDCD framework is outlined in the Algorithm 1. The 
overall model loss is defined as:

 =
𝑁
∑

𝑖=1

∑

𝑘
𝑎𝑘𝑖 

𝑘
𝑖 + 𝑑𝑚, 𝑘 ∈ {𝑑, 𝑡, 𝑎, 𝑣}. (24)

4.  Experiments

4.1.  Dataset

To evaluate the effectiveness of the proposed approach CMDCD, 
we conduct experiments on two widely used MERC datasets, including
IEMOCAP [39] and MELD [40]. The dataset statistics are summarized 
in Table 2.

• IEMOCAP: This dataset contains video recordings of 10 actors (5 
male, 5 female) performing dyadic conversations. It includes 151 
dialogues and 7433 utterances. The emotional labels are manually 
classified into six emotions: happy, sad, neutral, angry, excited, and 
frustrated.

• MELD: This is a multimodal dialogue dataset derived from the TV se-
ries Friends, containing 1433 dialogues and 13,708 utterances. Each 
utterance is labeled with one of seven emotion categories: neutral, 
surprise, fear, sadness, joy, disgust, and angry.

4.2.  Evaluation metrics

Following previous studies [11,12], we utilize weighted F1-scores 
(WF1) and Accuracy (Acc.) as evaluation metrics. Note that the 
weighted F1 metric is employed to address the impact of class imbal-
ance among different emotions, providing a fairer evaluation across all 
categories. In addition, we report per-class WF1 scores on the IEMO-
CAP dataset to offer a detailed analysis of model performance on each 
emotion category.

4.3.  Experimental settings

All experiments are conducted using PyTorch 1.13.1 with CUDA 11.6 
on a NVIDIA GeForce RTX 4090 GPU. and the Adam optimizer with 𝐿2
weight decay is used to prevent overfitting. Each model is trained and 
evaluated five times with different random initializations, and the av-
eraged results on the test set are reported.  Most hyperparameters dif-
fer between IEMOCAP and MELD to account for dataset-specific char-

acteristics. MELD contains longer dialogues and more complex multi-
modal interactions, so parameters such as attention heads, hidden di-
mensions, diffusion steps, learning rate, weight factor 𝛿, and L2 reg-
ularization are adjusted accordingly to ensure effective modeling and 
stable optimization.  The specific hyperparameter settings are shown in
Table 3.

4.4.  Baseline models

We conduct a comprehensive comparison of our proposed method 
with twelve state-of-the-art baseline methods, which can be grouped 
into two categories:

Sequence-based methods:

• DialogueRNN [4] models speaker states and contextual dependen-
cies using a hierarchical RNN structure composed of Global, Party, 
and Emotion GRUs.

• CTNet [8] combines multi-head attention and bidirectional GRU 
within a Transformer-based framework to jointly capture unimodal 
and cross-modal dependencies.

• MM-DFN [15] introduces a dynamic gating mechanism to adaptively 
fuse contextual information across modalities, enhancing comple-
mentarity and reducing redundancy.

• CMCF-SRNet [16] employs cross-modal constraint transformers and 
semantic graph transformers to integrate text and audio, improving 
contextual representation.

Graph-based methods:

• DialogueGCN [5] constructs a conversation graph using GCNs to 
model speaker interactions and enhance emotional correlation prop-
agation.

• MMGCN [17] constructs a multimodal graph convolutional network 
to facilitate interaction and information exchange among different 
modalities.

• M3Net [18] utilizes hypergraph neural networks for multi-variable 
propagation, thereby strengthening multimodal relationship model-
ing.

• HAUCL [11] designs a hypergraph-based cross-modal framework en-
hanced with contrastive learning to integrate multimodal features 
more effectively.

• AdaIGN [10] employs an adaptive interactive graph to enhance 
intra- and cross-modal interactions by selecting key nodes and edges, 
using directed graphs to prevent future utterances from influencing 
the current one.

• LECM [19] leverages emotion causes in real-time ERC by combin-
ing a causal emotion entailment task with a shared encoder and a 
cause-oriented tendency network, improving recognition of subtle 
emotional cues.

• FrameERC [20] decomposes graph signals into low- and high-
frequency components for capturing fine-grained emotional cues, 
and employs a dual-reminder fusion mechanism to mitigate exces-
sive dependence on the text modality.

• SEDC [12] adopts a dual-channel strategy to separately model se-
mantic and emotional cues, leveraging contrastive learning and 
knowledge enhancement to mitigate semantic noise and emotional 
confusion.

4.5.  Performance comparison

Table 4 presents the overall performance of our proposed method 
CMDCD and twelve baselines on two datasets (i.e., IEMOCAP and 
MELD). The best and second-best results in each column are highlighted 
in bold and underlined, respectively. From Table 4, we can observe 
that graph-based methods generally perform better than traditional 
sequence-based models due to their capability to capture cross-modal 
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Table 3 
Main hyperparameters for CMDCD.
 Parameters  IEMOCAP  MELD  Description
𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒  4  4  Number of conversation samples used in each training batch.
𝑒𝑝𝑜𝑐ℎ  80  100  Total number of training epochs.
𝑙𝑟 1 × 10−4 1 × 10−5  Step size for parameter updates during optimization.
𝑙2 7 × 10−5 9 × 10−5 𝐿2 regularization coefficient in Adam optimizer.
𝑑𝑖𝑚  320  400  Dimensionality of hidden feature representations.
ℎ𝑒𝑎𝑑_𝑛𝑢𝑚  2  4  Number of attention heads used for modeling contextual interactions.
𝑇  700  900  Number of timesteps in the diffusion denoising process.
𝛿  0.5  0.3  A scaling factor that controls the sensitivity of confidence-based fusion weights to prediction confidence.
𝛽  linear  linear  Strategy for controlling noise variance across diffusion timesteps.

Table 4 
Performance comparison of different methods on the IEMOCAP and MELD datasets (Bold values denote the best 
performance, and underlined values indicate the second-best).
 Method  IEMOCAP  MELD

 Emotion Categories(F1)  Overall  Overall
 Happy  Sad  Neutral  Angry  Excited  Frustrated  Acc.  WF1  Acc.  WF1

 DialogueRNN  33.18  78.80  59.21  65.28  71.86  58.91  63.40  62.75  60.31  57.66
 CTNet  51.30  79.90  65.80  67.20 78.70  58.80  –  67.00  –  60.50
 MM-DFN  42.22  78.98  66.42 69.77  75.56  66.33  68.21  68.18  62.49  59.46
 CMCF-SRNet  52.20  80.90  68.80  70.30  76.70  61.60  –  69.60  –  62.30
 DialogueGCN  47.10  80.88  58.71  66.08  70.97  61.21  65.54  65.04  58.62  56.36
 MMGCN  45.45  77.53  61.99  66.67  72.04  64.12  66.56  68.71  59.31  57.82
 M3NET  57.96  81.56  68.30  65.59  74.91  63.19  69.01  69.12  67.62  66.15
 HAUCL  53.57 82.04  68.61  66.44  75.60  68.23  70.30  70.27 68.05  66.72
 AdaIGN  53.04  81.47  71.26  65.87  76.34  67.79  70.49  70.74  67.62 66.79
 LECM  62.90  74.75  69.61  62.95  72.04  66.01  68.45  68.52  66.87  65.57
 FrameERC  56.19  80.88  67.69  63.16  78.58 69.73  70.79  70.67  67.62  66.33
 SEDC 62.78  84.49 71.52  65.71  73.63  68.09 71.60 71.68  67.43  66.16
 CMDCD(Ours)  59.22  79.68  72.86  67.45  79.46  70.14  72.67  72.69  68.29  67.08

Table 5 
Ablation study of CMDCD and WDCD module.

 Method  IEMOCAP  MELD
 Acc.  WF1  Acc.  WF1

 w/o AFE  68.53  68.22  67.13  65.37
 w/o CBF  69.58  69.54  67.31  66.17
 w/o WDCD  71.85  71.82  67.69  66.40
 w/o Wavelet  72.31  72.30  68.01  66.78
 w/o Differential  72.11  72.17  68.07  66.90
 w/o Conditional  72.19  72.20  68.05  66.62
 CMDCD (Ours)  72.67  72.69  68.29  67.08

structure dependencies. Compared with all state-of-the-art baselines, 
our proposed approach CMDCD consistently achieves the best perfor-
mance. For example, on the IEMOCAP dataset, CMDCD outperforms the 
top-performing baselines, i.e., AdaIGN and SEDC, with relative accuracy 
gains of 3.09% and 1.49%, respectively. Similarly, the corresponding 
improvements on the MELD dataset are 0.99% and 1.28%, respectively. 
The superior performance of our model is attributed to the multiband de-
noising approach grounded in wavelet differential conditional diffusion, 
coupled with an asymmetric fusion enhancement mechanism designed 
to strengthen the main modality.

It is worth noting that for specific emotion categories, CMDCD excels 
on Neutral, Excited, and Frustrated. While for some minority emotion 
categories, our method is competitive or slightly inferior to the two top-
performing baselines. For example, the baseline SEDC achieves higher 
weighted F1 scores in the Happy and Sad categories. This is because its 
graph structure effectively models cross-modal global context, allow-
ing these categories to benefit from neighboring emotional information. 
However, it is inferior to our model on the remaining categories, which 

is attributed to its vulnerability to modality-specific noise and the mu-
tual interference among modalities.

4.6.  Ablation study

To validate the effectiveness of each major component in the CMDCD 
framework, we conduct ablation studies by selectively removing three 
key modules. The details of each variant are as follows:

• w/o AFE: This variant discards the asymmetric fusion enhancement 
module, thereby disabling the model’s ability to enhance modality 
representation by alternately focusing on each modality as the pri-
mary one while using others as auxiliaries.

• w/o CBF: We replace the confidence-based fusion module by con-
ducting direct feature summation, preventing the model from adap-
tively integrating features from different branches based on their pre-
diction confidence.

• w/o WDCD: In this variant, we remove the wavelet differential 
conditional diffusion module, thus eliminating the model’s ability 
to perform multiband denoising in the frequency domain. Conse-
quently, the model no longer selectively suppress modality-specific 
noise across different frequency subbands.
As summarized in Table 5, removing any of the key components 

of CMDCD results in noticeable performance degradation across both 
IEMOCAP and MELD datasets, which demonstrates that each module 
plays a critical role. Specifically, discarding the AFE module leads to the 
most pronounced performance drop. On IEMOCAP, accuracy decreases 
by 4.14% and weighted F1-score decreases by 4.47%. On MELD, ac-
curacy and weighted F1-score drop by 1.16% and 1.71%, respectively. 
These results demonstrate the crucial role of the AFE module in miti-
gating the modality quality imbalance issue faced by traditional sym-
metric fusion strategies. By alternately emphasizing each modality as 
the dominant one while leveraging the others as auxiliaries, the AFE 
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Fig. 2. Impact of diffusion steps (T) on both IEMOCAP and MELD.

Fig. 3. Impact of weight factor (𝛿) on both IEMOCAP and MELD.

module facilitates the extraction of more discriminative and expres-
sive representations, which is crucial for capturing subtle emotional 
cues. Similarly, removing the CBF module leads to performance degra-
dation, which underscores the necessity of its confidence-based adap-
tive fusion mechanism. By adaptively balancing the contributions of 
asymmetric fusion-enhanced and frequency-domain denoised features 
via confidence-guided weighting, the CBF module effectively leverages 
the complementary strengths of the two components. Moreover, the 
removal of the WDCD module results in significant performance de-
terioration, which highlights its critical capability to refine semantic
representations via multiband denoising, which enhances robustness by 
suppressing utterance-specific noise while preserving informative sig-
nals.

In addition, we also study the importance of each sub-component 
of the key module WDCD, including the wavelet transform, differential 
mechanism, and conditional guidance:

• w/o Wavelet: The wavelet transform is removed, and the diffusion 
process is performed directly in the original feature space without 
multiband decomposition.

• w/o Differential: The differential mechanism is discarded, and the 
model no longer separates utterance-common and utterance-specific 
features during the diffusion process.

• w/o Conditional: This variant eliminates the conditional guid-
ance across frequency bands, rendering the diffusion process un-
conditional and unable to leverage inter-band complementary
information.

From Table 5, we observe that ablating any of these sub-components 
of WDCD leads to performance degradation on both datasets, confirm-
ing that each part contributes an essential and distinct role to WDCD. 
Specifically, removing the wavelet transform leads to a consistent per-
formance drop, demonstrating the importance of conducting multiband 
decomposition for facilitating more precise multi-scale denoising, effec-
tively reducing utterance-specific noise across different frequency sub-
bands. Furthermore, the ablation of the differential mechanism causes a 

performance degradation, confirming that distinguishing specific from 
common features is an essential prerequisite for precise denoising, as 
this mechanism is key to isolate and suppress utterance-specific noise. 
Finally, the removal of the conditional guidance also leads to remark-
able performance degradation. This mechanism leverages cross-band 
signals to guide the denoising process, demonstrating its effectiveness 
in mitigating utterance-specific noise while preserving critical semantic
features.

4.7.  Sensitivity analysis

Diffusion time steps 𝑇 : The hyperparameter 𝑇  controls the num-
ber of iterative steps in the diffusion process, determining how ex-
tensively the model denoises the multimodal representations. We set 
𝑇 ∈ {300, 500, 700, 900, 1100} on both datasets. The results are shown in 
Fig. 2. We can observe that model performance improves with an in-
creasing number of diffusion steps 𝑇  as more steps allow for finer recon-
struction of the modality representations. However, when 𝑇  becomes 
excessively large, it results in overfitting to the noise in the training 
data, ultimately compromising model performance. The optimal diffu-
sion step is 𝑇 = 700 for IEMOCAP and 𝑇 = 900 for MELD. The higher 
optimal 𝑇  for MELD is due to its larger scale and higher feature dimen-
sionality, requiring a longer diffusion chain to recover detailed semantic 
information.

Weighting factor 𝛿: The hyperparameter 𝛿 controls the learning de-
gree of the weight factor in the confidence-based fusion, determining the 
relative contribution of each classifier. We vary 𝛿 ∈ {0.1, 0.3, 0.5, 0.7, 0.9}
on both IEMOCAP and MELD datasetes, the results are illustrated in 
Fig. 3. The performance improves with increasing 𝛿, suggesting that 
a greater disparity in classifier contributions enhances the model’s re-
liance on the most salient ones. The performance reaches its peak at 
𝛿 = 0.5 for IEMOCAP and 𝛿 = 0.3 for MELD. Further increasing 𝛿 causes 
a performance decline, as excessive emphasis on the contribution dif-
ferences among classifier prevents effective utilization of the comple-
mentary information from different classifiers, leading to suboptimal 
model performance. The distinct optimal 𝛿 values for IEMOCAP and 
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Fig. 4. Impact of four fusion method on both Acc and WF1.

Fig. 5. Model performance under varying conversation length.

Fig. 6. Visualization of our proposed HAUCL and CMDCD on the IEMOCAP dataset.

MELD stem from their differing characteristics, where the former ben-
efits from emphasizing a dominant modality and the latter’s complex 
emotional categories necessitate a more balanced integration.

4.8.  Analysis of different fusion strategies

To investigate the effectiveness of different fusion strategies, we 
conduct experiments on the IEMOCAP dataset using four approaches:
concatenation (Concat), addition (Add), gating (Gate) [41], and our pro-
posed confidence-based fusion (CBF).

The results are shown in Fig. 4. We can observe that CBF achieves 
the highest accuracy (72.67%) and weighted F1 (72.69%), consistently 
outperforming the other three methods. Specifically, gating performs 
better than concatenation and addition, indicating that introducing a 

learnable control mechanism helps improve fusion effect. However, its 
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performance gain remains limited due to the absence of explicit reliabil-
ity estimation among distinct feature sources. In contrast, CBF further 
enhances fusion effectiveness by modeling confidence distributions, al-
lowing model to dynamically weight the enhanced and denoised fea-
tures according to their reliability. Consequently, CBF achieves a more 
balanced and robust integration of multimodal information, leading to 
a stable and superior model performance.

4.9.  Sensitivity of conversation length

To investigate the sensitivity of our proposed model CMDCD un-
der different conversation lengths, we partition the IEMOCAP dataset 
into three groups based on conversation lengths: Short for lengths less 
than 40, Medium for lengths in the range from 40 to 70, and Long for 
lengths greater than or equal to 70. The performance is compared with 
the HAUCL baseline [11] (AdaIGN and SEDC are omitted due to their 
code being publicly unavailable).

As illustrated in Fig. 5, both models exhibit a gradual decline in per-
formance as conversation length increases. This occurs mainly owing 
to the fact that longer conversations usually encounter more noise and 
complex contextual dependencies, making the emotion recognition task 
more challenging. Moreover, CMDCD consistently outperforms HAUCL 
across all groups, and the performance gap becomes more pronounced in 
longer conversations. This demonstrates that our proposed model effec-
tively learn more discriminative and robust representations, especially 
as complexity increases.

4.10.  Visualization

To intuitively analyze the representation quality of our proposed ap-
proach CMDCD, we utilize t-SNE [42] to visualize the utterance-level 
embeddings obtained from CMDCD and HAUCL [11] on the IEMOCAP 
dataset, respectively. The results are shown in Fig. 6.

From Fig. 6, we can observe that CMDCD learns superior represen-
tations compared to HAUCL. To be specific, nodes of the same category 
are more cohesively grouped in CMDCD, underscoring its strength in 
preserving intra-class consistency. CMDCD also maintains more clear 
inter-cluster boundaries, reflecting its strong capability to learn discrim-
inative representations. It is worth noting that for the neutral, excited, 
and frustrated emotion categories, CMDCD produces notably more com-
pact and separable embeddings.

5.  Conclusion

In this paper, we propose a Cross-Modality Multiband Differen-
tial Conditional Diffusion (CMDCD) framework for multimodal emo-
tion recognition in conversation. The framework effectively combines 
asymmetric fusion enhancement and wavelet-based multiband diffu-
sion denoising, enabling both cross-modal complementarity and fine-
grained frequency-domain noise suppression. Furthermore, we employ a 
confidence-based adaptive fusion strategy to dynamically adjust the con-
tribution of both enhanced and denoised representations according to 
their predictive confidence, thereby improving the overall interpretabil-
ity and robustness of the model. Extensive experiments on the IEMOCAP 
and MELD benchmarks demonstrate that CMDCD consistently outper-
forms state-of-the-art methods in both accuracy and weighted F1-score. 
Ablation studies further confirm the critical role of each module and 
sub-component.

Despite the strong empirical performance, CMDCD still leaves room 
for further improvement. The current framework mainly focuses on sce-
narios with complete multimodal inputs, while real-world conversations 
may involve missing or unreliable modalities. In addition, the diffusion-
based denoising process inevitably introduces extra inference cost, 
which may limit its deployment in ultra-low-latency applications. More-
over, although CMDCD models cross-modal interactions effectively, in-
corporating explicit graph-based structures could further enhance the 

modeling of complex and non-linear conversational dependencies. Fu-
ture work will therefore explore extending CMDCD to missing-modality 
scenarios, developing more lightweight implementations, and integrat-
ing graph neural networks to better capture structured contextual rela-
tionships in conversations.
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