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Abstract
Multimodal Emotion Recognition in Conversation (MERC) has attracted significant atten-
tion in recent years, and existing methods mainly rely on contextual cues and multimodal 
interactions to predict emotions. However, these methods often suffer from the detrimental 
effects of noise, including contextual interaction noise and modality-specific noise contam-
ination, leading to suboptimal model performance. Therefore, we propose DTDiff, a noise-
aware framework that tackles two types of noise: inter-utterance interaction noise through 
an Adaptive Residual Decoupled Transformer (ARDT), and modality-specific noise via 
Language-Conditioned Denoising Learning (LDL). Specifically, ARDT improves robust-
ness by effectively filtering irrelevant contextual dependencies and enhances the repre-
sentation of each modality through decoupled residual attention fusion. Meanwhile, LDL 
employs language-conditioned diffusion models to denoise visual and acoustic modali-
ties and measures noise levels via gating mechanisms. Finally, we introduce Dual-Signal 
Alignment to further promote multimodal fusion. Experiments on IEMOCAP and MELD 
datasets demonstrate that DTDiff outperforms state-of-the-art methods.

Keywords  Emotion recognition in conversation · Transformer · Diffusion model · 
Multimodal fusion

1  Introduction

Multimodal Emotion Recognition in Conversation (MERC) holds significant research value 
across a wide range of fields, including its applications in recommendation systems (Zheng 
et al., 2022), social media analysis (Wu et al., 2024), and human communication contexts 
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(Jannu & Vanambathina, 2025). Compared to methods relying exclusively on the language 
modality, the integration of multimodal signals including vocal tones and facial expressions 
allows for more comprehensive analysis of human affective states (Yun et al., 2024; Chen 
et al., 2023; Li et al., 2023a). This critical advantage has motivated substantial progress in 
MERC, particularly in contextual modeling (Joshi et al., 2022; Li et al., 2023a; Shou et al., 
2024) and multimodal fusion techniques (Sun et al., 2023; Li et al., 2023b; Hu et al., 2022). 
However, existing methods still face many challenges.

To model contextual dependencies in conversations, graph neural networks (GNN) have 
become a predominant paradigm due to their capability of handling complex conversational 
structures (Ghosal et al., 2019; Chen et al., 2023; Shen et al., 2021; Ishiwatari et al., 2020; 
Nguyen et al., 2024; Shou et al., 2024; Hu et al., 2021; Tu et al., 2024; Yi et al., 2024; Gan 
et al., 2025; Wu et al., 2025b). For instance, DialogueGCN (Ghosal et al., 2019) utilizes 
graph convolutional networks (GCN) to capture intra-speaker and cross-speaker dependen-
cies, thereby enhancing contextual information propagation. DAG-ERC (Shen et al., 2021) 
and MultiDAG (Nguyen et al., 2024) represent conversations as directed acyclic graphs 
(DAG), simulating information flow through speaker identity and positional constraints. 
RGAT (Ishiwatari et al., 2020) incorporates relational graph attention networks with posi-
tional encoding to strengthen sequential dependency modeling. While existing methods 
establish contextual interactions through speaker position encoding, they overlook whether 
the interacting utterances are semantically relevant. As illustrated in Fig. 1, the second and 
fourth utterances from the same speaker, but have minimal semantic relevance and opposing 
emotional polarities. However, existing methods propagate misleading information from 
the second to the fourth utterance, thereby introducing contextual interaction noise. Beyond 
graph-based methods, sequence modeling techniques such as BC-LSTM (Poria et al., 2017) 
and DialogueRNN (Majumder et al., 2019) extract contextual patterns using LSTM and 
RNN, respectively. However, such sequential models (Jiao et al., 2019) are constrained to 

Fig. 1  An example of MERC from the MELD dataset. Words highlighted in red indicate emotional cues 
in the language modality
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local temporal interactions. Many methods leverage Transformer architectures (Li et al., 
2020; Zong et al., 2023; Zhang & Li, 2023; Ma et al., 2024; Jing & Zhao, 2024; Zou et 
al., 2023; Yun et al., 2024) to capture global information, where self-attention matrices 
reflect the correlation between utterances. Nevertheless, conventional Transformers suffer 
from two critical limitations: (1) the attention matrices are affected by contextual interaction 
noise, resulting in a lack of robustness of the model, and (2) there are quality discrepan-
cies among multi-head attention matrices, which lead the low-quality attention matrices to 
degrade performance. For multimodal fusion, while existing methods focus on how to effec-
tively integrate the modality information from different semantic spaces (Li et al., 2023b; 
Yun et al., 2024; Zou et al., 2023; Zhang et al., 2024a; Li et al., 2023c), they inadequately 
account for inherent modality-specific noise. According to Fig. 1, it can be observed that the 
fourth utterance has background noise contradicting the emotional intent of the speaker in 
acoustic modality, leading the model to misjudge this utterance as a positive emotion. Fur-
thermore, language modalities often provide clearer emotional cues compared to acoustic 
and visual signals, as evidenced by the second, fourth and fifth utterances in Fig. 1. There-
fore, compared with the language modality, there is more noise in the acoustic and visual 
modalities.

To address the aforementioned challenges, we propose DTDiff, a novel framework 
designed for MERC. DTDiff tackles two key issues: contextual interaction noise and 
modality-specific noise, through its two core components: the Adaptive Residual Decou-
pled Transformer (ARDT) and Language-Conditioned Denoising Learning (LDL). On one 
hand, the ARDT module (detailed in Section 3.3) introduces implicit learnable masking 
and explicit speaker-aware signals to dynamically adjust attention matrices. These signals 
effectively filter contextual interaction noise, enabling the attention scores to more accu-
rately reflect inter-utterance semantic relevance. Furthermore, to address quality discrepan-
cies among multi-head attention matrices, ARDT computes head-wise importance scores 
through cross-head interaction, thereby suppressing low-quality attention heads during 
fusion (detailed in Section 3.3.1). On the other hand, the LDL module (detailed in Section 
3.4) employs language-conditioned diffusion processes to progressively denoise acoustic 
and visual modalities. The denoised features are then aligned via the Dual-Signal Alignment 
module (detailed in Section 3.4.2). Finally, recognizing the noise levels in different utter-
ances and modalities, we design learnable gating weights to adaptively fuse features before 
and after denoising, ensuring optimal fusion under varying noise conditions (detailed in 
Section 3.4.3). In summary, the main contributions of this paper are summarized as follows: 

1.	 We propose ARDT which effectively mitigates contextual interaction noise through 
masking signals and evaluates attention quality via interactions between attention 
matrices to enhance model robustness.

2.	 We design LDL, a language-conditioned denoising module that denoises acoustic 
and visual modalities, followed by feature alignment and adaptively fuse multimodal 
features.

3.	 Extensive experiments demonstrate that our framework achieves state-of-the-art per-
formance on both IEMOCAP and MELD benchmarks, outperforming existing methods 
by significant margins.
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2  Related work

2.1  Multimodal emotion recognition in conversation

Current approaches to Multimodal Emotion Recognition in Conversation (MERC) primar-
ily fall into two categories: graph-based methods and Transformer-based methods. Given 
the sequential nature and speaker positions of utterances in a conversation, some studies (Hu 
et al., 2021, 2022; Tu et al., 2024; Nguyen et al., 2024; Yi et al., 2024; Wu et al., 2025b; Job 
et al., 2025) employ graph structures to facilitate contextual or inter-modal interactions. For 
instance, MultiDAG (Nguyen et al., 2024) uses directed acyclic graph network to address 
emotional shifts. AdaIGN (Tu et al., 2024) presents an adaptive interactive graph network 
with self-supervised learning to model intra- and inter-speaker dependencies. HAUCL (Yi 
et al., 2024) introduces a framework that dynamically adjusts hypergraph connections using 
a variational hypergraph autoencoder. However, these models often struggle to capture 
global information, which limits their performance in long conversations.

Given the Transformer’s ability to directly relate elements at any position in a sequence, 
effectively aggregating context information by self-attention mechanism (Parisae & Nagak-
ishore Bhavanam, 2024; Jannu & Vanambathina, 2023a), its architecture has achieved 
remarkable success across a wide range of fields in recent years (Jannu & Vanambathina, 
2023b; Wu et al., 2025a). In the MERC task, leveraging self-attention mechanisms, Trans-
formers effectively process and fuse cross-modal information (Xie et al., 2022; Lian et al., 
2021; Zhang & Li, 2023; Ma et al., 2024; Zong et al., 2023; Jing & Zhao, 2024; Shi et al., 
2025). For example, CTNet (Lian et al., 2021) develops a multimodal framework explicitly 
modeling intra-modal relationships and cross-modal interactions. CMCF-SRNet (Zhang & 
Li, 2023) integrates locality-constrained transformers with graph-enhanced semantic refine-
ment for utterance relationship modeling. SDT (Ma et al., 2024) employs self-distilled intra- 
and inter-modal transformers with hierarchical gated fusion for dynamic interaction capture. 
However, these methods often overlook critical challenges such as contextual interaction 
noise interference and quality discrepancies among multi-head attention matrices.

2.2  Diffusion model

Diffusion models (Ho et al., 2020), as advanced generative frameworks, have been widely 
applied in image (Tang et al., 2024; Zhang et al., 2024b) and text (Li et al., 2022; Lin 
et al., 2025) generation. Beyond these domains, they demonstrate significant value across 
diverse research areas, including computer vision tasks such as image segmentation (Li et 
al., 2024a; Suryanto et al., 2025), object detection (Sun et al., 2025; Zhang et al., 2025), 
and image restoration (Chen et al., 2024; Yue et al., 2025). In natural language processing, 
diffusion models are increasingly adopted for data augmentation (Le et al., 2025; Luo et al., 
2024) and denoising (Jiang et al., 2024; Li et al., 2024b), achieving notable performance 
improvements. Given their exceptional denoising capabilities and the limited exploration of 
conditional diffusion in MERC, we adopt conditional diffusion to denoise the acoustic and 
visual modalities, thereby enhancing model performance.

1 3



Journal of Intelligent Information Systems

3  Methods

This section details our proposed framework, DTDiff, whose architecture is illustrated 
in Fig.  2. The framework comprises four components: (1) Modality-specific Contextual 
Extraction designed to capture contextual information for each modality (Section 3.2); (2) 
Adaptive Residual Decoupled Transformer (ARDT) that enhances modality representations 
through adaptive attention masking signals and head importance weights (Section 3.3); (3) 
Language-Conditioned Denoising Learning (LDL) that mitigates noise from acoustic and 
visual modality by language-conditioned diffusion (Section 3.4); and (4) the Classifier that 
generates emotion predictions with joint optimization (Section 3.5).

3.1  Task definition

A conversation D = {u1, u2, ..., uN } consists of N utterances, each utilizing information 
from three modalities, i.e., acoustic (a), visual (v) and language (l). Specifically, the i-th 
utterance ui is represented as ui = {ua

i , uv
i , ul

i}, where acoustic features ua
i ∈ Rda  are 

extracted using OpenSmile, visual features uv
i ∈ Rdv  through DenseNet, and language fea-

tures ul
i ∈ Rdl  via the RoBERTa-Large model. The MERC task aims to predict the emo-

tional state of each utterance by effectively integrating these multimodal features.

3.2  Modality-specific contextual extraction

Considering the critical role of contextual information in conversation and the proven abil-
ity of GRUs to capture long-range dependencies across input sequences (Jannu & Vanam-
bathina, 2023c), we first employ BiGRUs to extract contextual features between adjacent 
utterances:

	 x̃m
i , hm

i = BiGRUm(Wm
0 um

i + bm
0 , hm

i−1), m ∈ {a, v, l},� (1)

Fig. 2  An overview of DTDiff: a) The entire process of our proposed model, which includes Contex-
tual Extraction, Adaptive Residual Decoupled Transformer (ARDT), Language-Conditioned Denoising 
Learning (LDL), and Classifier; b) ARDT (Language); c) LDL
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where Wm
0 ∈ Rd0×dm  and bm

0 ∈ Rd0  are learnable parameters, hm
i ∈ Rd0  and x̃m

i ∈ Rd0  
denotes the hidden state and output of the BiGRU for the i-th utterance, respectively.

Furthermore, we apply DAG-ERC(Shen et al., 2021) for each modality to capture long-
distance contextual dependencies between different speakers:

	 Xm = DAGm(X̃m),� (2)

where Xm = {xm
i }N

i=1 ∈ RN×d represents the conversation sequence in modality m.

3.3  Adaptive residual decoupled transformer

Since the multi-head attention mechanism in the Transformer architecture can capture global 
dependencies, it is widely used for modality fusion (Zhang & Li, 2023; Yun et al., 2024; Jing 
& Zhao, 2024; Ma et al., 2024). However, these methods often overlook two critical issues: 
(1) inter-utterance interaction noise degrades the accuracy of attention matrices in reflecting 
correlation between utterances; (2) quality discrepancies among attention heads allow low-
quality matrices to impair information fusion effectiveness. To address these limitations, 
we propose ARDT which comprises two components: Robust Head Attention and Residual 
Decoupled Information Fusion. ARDT serves as a core module that innovatively enhances 
the traditional Transformer architecture. It aims to improve the self-attention mechanism 
by introducing adaptive masking and residual decoupling to better handle conversational 
contextual noise and facilitate effective inter-modal interaction and complementarity. As all 
modalities share the ARDT architecture, we demonstrate it using language as the primary 
modality and the other two as auxiliary modalities. The whole ARDT algorithm is detailed 
in Algorithm 1.

Algorithm 1  Adaptive Residual Decoupled Transformer (ARDT).
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3.3.1  Robust head attention

We adopt a decoupled attention strategy (Xie et al., 2022) to enhance representations of 
language modality. Specifically, We first compute the attention matrix for each modality in 
the h-th head as follows:

	 om
h = (XmWh

Qm
)(XmWh

Km
)⊤, ∀h ∈ {1, 2, · · · , Lh},� (3)

where Wh
Qm

 and Wh
Km

∈ Rd×dh  denote the query and key projection matrix, respectively. 
Om = {om

1 , om
2 , · · · , om

Lh
} ∈ RLh×N×N  are the multi-head attention matrices for modality 

m. Lh indicates the number of heads and dh = d/Lh.
However, the computed attention matrices Om suffer from inter-utterance interaction 

noise interference, leading to unreliable correlation estimation. To solve this problem, we 
propose an implicit learnable masking matrices Zm to adaptively adjust attention matrices, 
thereby allowing the attention matrices to better reflect the correlation between utterances:

	 Zm = Softmax (µm + Σm ⊙ (λ · ϵ)) , ϵ ∼ N (0, I),� (4)

where µm and Σm ∈ RLh×N×N  are learnable parameters initialized to 0 and 1, respec-
tively. ⊙ denotes element-wise multiplication. A non-trainable noise scale λ ∈ (0, 1) is ran-
domly generated.

Furthermore, utterances from the same speaker exhibit inherent consistency in semantic 
and emotional tendencies. To leverage this prior knowledge, we construct a binary speaker 
position matrix B ∈ RLh×N×N  and incorporate it into Zm through element-wise addition:

	 Ãm = (Zm + B) ⊙ Om,� (5)

	
Bh,i,j =

{ 1 if spkr(i) = spkr(j),
0 otherwise, � (6)

where spkr(i) indicates the speaker of the i-th utterance. The attention matrices 
Ãm = {ãm

1 , ãm
2 , . . . , ãm

Lh
} ∈ RLh×N×N  are the result of combining the raw attention 

matrix, the implicit noise masking, and the explicit speaker-aware signals. These explicitly 
reflect inter-utterance speaker relationships, thereby enhancing context-aware modeling.

While traditional multi-head attention improves model performance, it neglects quality 
discrepancies across attention heads. Inspired by ECA-Net (Wang et al., 2020), we propose 
head importance learning to solve this problem. Specifically, we first compute head-wise 
global attention scores. Then, we compute head importance weights through inter-head 
interaction as follows:

	 c̃m = GAP(Ãm),� (7)

	 cm = Sigmoid (Conv1D(c̃m)) ,� (8)

where GAP(·) indicates the global average pooling and it compresses Ãm into c̃m ∈ RLh . 
Conv1D(·) is implemented as a 1D convolutional layer with kernel size 3.
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Finally, we employ importance weights cm ∈ RLh  to obtain the refined attention matri-
ces Am = {am

1 , am
2 , · · · , am

Lh
} ∈ RLh×N×N  as follows:

	 Am = cm · Ãm.� (9)

3.3.2  Residual decoupled information fusion

To achieve robust fusion of multimodal attention patterns while preserving primary modal-
ity integrity, we design a residual-aware aggregation mechanism as follows:

	
rl
h = Softmax(

ol
h + 1

3 (aa
h + av

h + al
h)

√
dh

)(XlWh
Vl

),� (10)

	 L = LN
(
FFN

[
rl
1||rl

2|| · · · ||rl
Lh

])
,� (11)

where Wh
Vl

 denotes the value projection matrix. || denotes the concatenation operation. 
FFN(·) and LN(·) are the feed-forward network and layer normalization operations, respec-
tively. The language representation is L = {li}N

i=1 ∈ RN×d. Similarly, the acoustic repre-
sentation A = {ai}N

i=1 ∈ RN×d and the visual representations V = {vi}N
i=1 ∈ RN×d can 

be obtained.

3.4  Language-conditioned denoising learning

After obtaining enhanced representations for the three modalities, multimodal fusion is 
required. However, direct fusion can lead to suboptimal performance due to noise within 
modalities. Therefore, we propose a conditional diffusion-based denoising strategy to pro-
vide higher quality, more robust inputs for subsequent multimodal fusion. The theoretical 
basis is primarily built upon two key principles: 1) Addressing Modality Noise Imbalance: 
Prior research consistently shows that language modality outperforms acoustic and visual 
modalities (Tu et al., 2024; Nguyen et al., 2024; Yang et al., 2023). As illustrated in Fig. 1, 
real-world acoustic and visual data are often susceptible to noise, while language provides 
the most direct and clear emotional cues. This necessitates a targeted denoising approach 
for acoustic and visual signals before fusion. 2) Enhancing Denoising Capability of Diffu-
sion Models: Diffusion model offers a powerful generative and denoising framework with 
a forward process to corrupt data with noise, and reverse process which iteratively recovers 
clean signals from the noisy input in a probabilistic manner. To enhance the capability of 
recovering clean signals in both acoustic and visual spaces, we resort to incorporate the 
high-quality language signals as condition to guide the reverse process of diffusion model 
for acoustic and visual representations, respectively.

To be specific, the Language-Conditioned Denoising Learning (LDL) module consists 
of three components, i.e., Language-Conditioned Diffusion, Dual-Signal Alignment and 
Modality Fusion. The whole LDL algorithm is detailed in Algorithm 2.
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Algorithm 2  Language-Conditioned Denoising Learning (LDL).

3.4.1  Language-conditioned diffusion

Compared with language modality, visual and acoustic modalities usually contain more 
noise, which limit the ability of multimodal information fusion. Therefore, we utilize lan-
guage-conditioned diffusion (Ho et al., 2020) to alleviate the noise in visual and acoustic 
modalities. Since the diffusion process for both visual and acoustic modality is the same, the 
forward and reverse processes for visual is explained in detail next.

Forward diffusion process  In the forward diffusion process, we incrementally corrupt the 
visual features v0

i  of the i-th utterance. This is achieved by injecting Gaussian noise over 
T timesteps, ultimately transforming v0

i  into pure noise vT
i ∼ N (0, I). Formally, given an 

input sample v0
i ∼ q(v0

i ), the Markov process generates latent variables {v0
i , v1

i , . . . , vT
i } 

with the t-th step defined as:

	
q(vt

i|vt−1
i ) = N

(
vt

i;
√

1 − βtv
t−1
i , βtI

)
,� (12)
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where t runs from 1 to T, βt ∈ (0, 1) controls the noise schedule, and N  represents Gaussian 
distribution.

Using the reparameterization trick (Sohl-Dickstein et al., 2015), vt can be directly sam-
pled from v0 via:

	 q(vt
i|v0

i ) = N (vt
i;

√
ᾱtv

0
i , (1 − ᾱt)I),� (13)

where αt = 1 − βt and ᾱt =
∏t

t′=1 αt′ . At any timestep t, vt is sampled as 
vt =

√
ᾱtv

0
i +

√
1 − ᾱtϵ.

We implement a linear noise scheduler to control the variance schedule of additive noise 
at each timestep (Jiang et al., 2024; Le et al., 2025):

	
1 − ᾱt = s · [αmin + t − 1

T − 1
(αmax − αmin)],� (14)

where s ∈ [0, 1] controls the noise scale. αmin and αmax ∈ (0, 1) bound noise levels at each 
timestep.

Reverse diffusion process  The reverse process reconstructs denoised visual features v̂0
i  

from v̂T
i . Starting with the initial noise v̂T

i , the denoising process as follows:

	 pθ(v̂t−1
i |v̂t

i) = N (v̂t−1
i ; µθ(v̂t

i, t), Σθ(v̂t
i, t)),� (15)

where v̂T
i = vT

i  is the output of the forward process. The covariance Σθ(v̂t
i, t) is set to 

σ2
t = 1−ᾱt−1

1−ᾱt
βt and the mean µθ(v̂t

i, t) is expressed as:

	
µθ(v̂t

i, t) =
√

αt(1 − ᾱt−1)
1 − ᾱt

v̂t
i +

√
ᾱt−1(1 − αt)

1 − ᾱt
ṽ0

i ,� (16)

where ṽ0
i  is predicted by a network composed of two MLPs fθ(v̂t

i, li, t) with the parameter 
θ, as v0

i  remains unknown during the reverse diffusion. Then we learn fθ with the following 
loss function (Jiang et al., 2024):

	 Lv
d = Et,v0

i
,ϵ[g(t) · ||v0

i − fθ(v̂t
i, li, t)||2],� (17)

	
g(t) =

{
ᾱt−1

1−ᾱt−1
− ᾱt

1−ᾱt
, if t > 0,

1, if t = 0.
� (18)

Analogously, we can obtain the acoustic modality diffusion loss La
d through identical lan-

guage-conditioned diffusion. The total diffusion loss is given by:

	 Ld = Lv
d + La

d.� (19)
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3.4.2  Dual-signal alignment

After obtaining denoised acoustic and visual representations {âi}N
i=1 and {v̂i}N

i=1, we intro-
duce this module comprising supervised and unsupervised contrastive learning strategies:

Supervised contrastive learning  For each modality m, intra-modal positive pairs are defined 
as utterances sharing identical emotion labels:

	
Lm

s = − 1
N

N∑
i=1

1
|P(i)|

∑
p∈P(i)

log
exp(m̂⊤

i m̂p/τ)∑
k ̸=i exp(m̂⊤

i m̂k/τ)
,� (20)

	 Ls = La
s + Lv

s + Ll
s,� (21)

where P(i) indexes utterances with the same label as the i-th utterance. τ  is a temperature 
parameter, and ̂li = li.

Unsupervised contrastive learning  For each pair of modalities m and m′, cross-modal posi-
tive pairs are constructed from same-utterance representations:

	
Lm,m′

u = − 1
N

N∑
i=1

log exp(m̂⊤
i m̂′

i/τ)∑
j ̸=i exp(m̂⊤

i m̂′
j/τ)

,� (22)

	 Lu = La,v
u + La,l

u + Lv,l
u .� (23)

3.4.3  Modality fusion

The final representation integrates denoised and original modalities through adaptive gating 
weights:

	
yi = li +

∑
m∈{a,v}

[(1 − wm
i )m̂i + wm

i mi] ,� (24)

	 wm
i = Sigmoid ([m̂i∥mi]Wm

w ) ,� (25)

where wm
i  is a dynamic gating weight and Wm

w ∈ R2d×1 is the learnable parameter. yi ∈ Rd 
denotes the final multimodal representation of the i-th utterance, which is fed into a classi-
fier for emotion prediction.

3.5  Model training

3.5.1  Classifier

The emotion prediction is obtained through:
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	 pi = Softmax(WcReLU(yi) + bc),� (26)

	
êi = arg max

k
pi[k],� (27)

where Wc ∈ RC×d is the classification weight matrix, bc ∈ RC  the bias vector, and C the 
number of emotion categories. pi and êi represent the predicted probabilities and the pre-
dicted emotions of the i-th utterance, respectively.

3.5.2  Training Objectives

We use the cross-entropy loss as the classification loss:

	
Lcls = − 1

N

N∑
i=1

C∑
k=1

y′
i,k log pi[k],� (28)

where y′
i,k ∈ {0, 1} is the ground-truth one-hot label of the i-th utterance for class k.

Finally, the overall training objective combines as follows:

	 L = Lcls + γsLs + γuLu + γdLd,� (29)

where γu, γs and γd are hyperparameters.

4  Experiments

4.1  Implementation details

Datasets  We conducted experiments on two benchmark datasets: IEMOCAP (Busso et 
al., 2008) has six emotion categories (happy, sad, neutral, angry, excited, frustrated) and 
MELD (Poria et al., 2019) has seven categories (neutral, surprise, fear, sadness, joy, dis-
gust, angry). Detailed dataset statistics are provided in Table 1.

Settings  We perform all experiments on an NVIDIA GeForce RTX 4090 GPU. The soft-
ware environment includes Python 3.8, Pytorch 2.4.1 and CUDA 12.1. Main hyperparam-
eters are detailed in Table 2. Reported results are averaged over 5 runs.

Evaluation metrics  We evaluate performance using Accuracy (ACC) and Weighted F1 
(W-F1), with F1 scores for each emotion category.

Table 1  Statistics of IEMOCAP and MELD datasets
Dataset Split Conversation Utterance Conversation Length Statistics

Q1 Q3 Mean
IEMOCAP Train+Val 120 5,810 37 59 48.42

Test 31 1,623 42.50 59 52.35
MELD Train+Val 1,153 11,098 5 14 9.63

Test 280 2,610 5 13 9.32
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Baselines  we conduct comprehensive comparisons with ten state-of-the-art baselines: Dia-
logueRNN (Majumder et al., 2019) employs recurrent networks to track speaker states; Dia-
logueGCN (Ghosal et al., 2019) leverages graph convolutions for dependencies between 
speakers; MMGCN (Hu et al., 2021) fuses multimodal graphs with speaker-aware model-
ing; CTNet (Lian et al., 2021) introduces transformer-based cross-modal interactions; MM-
DFN (Hu et al., 2022) dynamically reduces modality redundancy; SCMM (Yang et al., 
2023) adaptively selects contextual interaction paths; CMCF-SRNet (Zhang & Li, 2023) 
refines semantics via cross-modal transformers; TopicDiff (Luo et al., 2024) introduces a 
model-agnostic Topic-enriched Diffusion approach for capturing multimodal topic informa-
tion; MultiDAG (Nguyen et al., 2024) integrates curriculum learning with directed acyclic 
graphs; HAUCL (Yi et al., 2024) combines variational hypergraphs and contrastive learn-
ing; AdaIGN (Tu et al., 2024) adaptively selects graph nodes via Gumbel Softmax.

4.2  Overall performances

Table 3 and 4 present the experimental results of our proposed DTDiff model on the IEMO-
CAP and MELD datasets, respectively. The results demonstrate that DTDiff achieves state-
of-the-art overall performance on both datasets, with statistically significant improvements 
(p < 0.05) in ACC and W-F1 scores. Specifically, DTDiff improves ACC and W-F1 scores 
by 0.75 and 0.44 percentage points (hereafter, "points") compared to the best performing 
baseline AdaIGN on the IEMOCAP dataset, and by 0.68 and 0.37 points on the MELD 
dataset, respectively. In addition, we present a fine-grained analysis of the F1 classification 
scores for each emotion category. For the IEMOCAP dataset, DTDiff achieves substantial 
improvements for happy (+1.75 points) and sad (+1.62 points) over AdaIGN, both statisti-
cally significant (p < 0.05). For the MELD dataset, DTDiff shows significant gains in neu-
tral (+0.29 points) and angry (+1.96 points).

These results confirm that DTDiff effectively captures global conversational contexts 
and reduces noise interference. Compared with graph-based models like AdaIGN and trans-
former-based methods like CMCF-SRNet, DTDiff consistently outperforms them, demon-
strating its superior capability to model conversation dynamics and enhance classification 
accuracy for semantically complex emotions, thereby proving its robustness.

4.3  Sensitivity analysis

We conduct sensitivity analysis on three key hyperparameters in DTDiff using the IEMO-
CAP and MELD datasets. Figure 3 illustrates the impact of varying parameters while keep-
ing others fixed at their optimal values.

Unsupervised contrastive learning weight (γu)  Increasing γu enhances focus on dissimi-
larities between samples with different emotion labels, which improves emotion discrimina-
tion capability. However, excessive values (above 0.015 for IEMOCAP 0.003 for MELD) 
degrade performance as measured by Weighted F1-score. The relatively higher Weighted 
F1-score range compared with γs and γd suggests limited contribution from this component.

Supervised contrastive learning weight (γs)  Higher γs emphasizes cross-modal alignment 
within the same utterance. Maximum Weighted F1-scores occur at γs = 0.005 for IEMO-
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CAP and γs = 0.009 for MELD. The significant performance drop at γs = 0 confirms the 
importance of intra-utterance multimodal alignment.

Diffusion loss weight (γd)  This parameter balances denoised and original feature learning. 
Optimal performance is achieved at γd = 0.01 for IEMOCAP and γd = 0.02 for MELD. 
Both insufficient and excessive weighting degrade model effectiveness, demonstrating the 
necessity of balanced denoising supervision.

Table 3  The overall performance comparisons on IEMOCAP
Model IEMOCAP

Happy Sad Neutral Angry Excited Frustrated ACC W-F1
DialogueRNN♯ 32.20 80.26 57.89 62.82 73.87 59.76 63.52 62.89

DialogueGCN♯ 51.57 80.48 57.69 53.95 72.81 57.33 63.22 62.89

MMGCN♯ 45.14 77.16 64.36 68.82 74.71 61.40 66.36 66.26

CTNet♮ 51.30 79.90 65.80 67.20 78.70 58.80 68.00 67.50

MM-DFN♮ 42.22 78.98 66.42 69.77 75.56 66.33 68.21 68.18

SCMM♮ 45.37 78.76 63.54 66.05 76.70 66.18 – 67.53

CMCF-SRNet♮ 52.20 80.90 68.80 70.30 76.70 61.60 70.50 69.60

TopicDif♮ – – – – – – – 67.02

MultiDAG♮ 49.65 81.40 69.53 70.33 71.61 66.94 69.11 69.08

HAUCL♮ 53.57 82.04 68.61 66.44 75.60 68.23 70.30 70.27

AdaIGN♮ 53.04 81.47 71.26 65.87 76.34 67.79 70.49 70.74
DTDiff (Ours) 54.79† 83.09† 71.01 68.80 74.44 68.41 71.24† 71.18†

The top performer in bold and the second best in underlined. ’♯’ and ’♮’ results come from Hu et al. (2022) 
and original papers, respectively. ’†’ indicates a significant improvement over AdaIGN at p < 0.05

Table 4  The overall performance comparisons on MELD
Model MELD

Neutral Surprise Fear Sadness Joy Disgust Angry ACC W-F1
DialogueRNN♯ 76.97 47.69 – 20.41 50.92 – 45.52 60.31 57.66

DialogueGCN♯ 75.97 46.05 – 19.60 51.20 – 40.83 58.62 56.36

MMGCN♯ 76.33 48.15 – 26.74 53.02 – 46.09 60.42 58.31

CTNet♮ 77.40 52.70 10.00 32.50 56.00 11.20 44.60 62.00 60.50

MM-DFN♮ 77.76 50.69 – 22.93 54.78 – 47.82 62.49 59.46

SCMM♮ – – – – – – – – 59.44

CMCF-SRNet♮ – – – – – – – 62.80 62.30

TopicDif♮ – – – – – – – – 58.42

MultiDAG♮ – – – – – – – 64.41 64.00

HAUCL♮ – – – – – – – 68.05 66.72

AdaIGN♮ 79.75 60.53 – 43.70 64.54 – 56.15 67.62 66.79
DTDiff (Ours) 80.04† 58.97 28.41 43.79 64.35 26.64 57.91† 68.30† 67.16†

The top performer in bold and the second best in underlined. ’♯’ and ’♮’ results come from Hu et al. (2022) 
and original papers, respectively. ’†’ indicates a significant improvement over AdaIGN at p < 0.05
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4.4  Ablation study

4.4.1  Ablation studies for modalities

The experiments presented in Table 5 investigate the impact of individual modalities and 
their combinations on model performance. The results clearly demonstrate that the perfor-
mance of the model using multimodal data is superior to that using single-modality data, 
and the performance of the language modality is far better than that of the other two modali-
ties. This further confirms that the acoustic and visual modalities have more noise than the 
language modality. In addition, a comparison of L and A+V+L reveals that the model per-
forms better when incorporating the information from the other two modalities compared to 
using only the language modality. This can be attributed to the fact that by integrating infor-
mation from multiple modalities, a more comprehensive and detailed representation can be 
obtained, thereby enabling the model to capture complex emotional cues in conversations.

4.4.2  Ablation studies for ARDT and LDL

To investigate the contributions of each component in DTDiff, we conduct ablation studies 
on both datasets. The results are shown in Table 6 and the experimental findings lead to the 
following conclusions: (1) Removing the entire AMDT (w/o AMDT) leads to a significant 
performance drop, demonstrating that the transformer-based architecture enhances the rep-
resentation of each modality and improves model robustness. (2) Disabling the multi-head 
attention weights in AMDT (w/o WAH) reduces performance, indicating that Weighting 

IEMOCAP MELD
ACC W-F1 ACC W-F1

Only A 58.87 58.21 48.34 43.35
Only V 45.24 42.50 47.47 33.56
Only L 68.05 68.15 66.93 66.09
A+V 61.88 61.03 49.96 45.24
V+L 69.24 69.09 67.04 66.21
A+L 69.84 69.74 67.23 66.41
A+V+L (Ours) 71.24 71.18 68.30 67.16

Table 5  Ablation studies for 
different modalities, where L, A, 
and V denote Language, Acous-
tic, and Visual, respectively

 

Fig. 3  Sensitive analysis of DTDiff on IEMOCAP and MELD. All experiments test the results while fix-
ing all other parameters with the best performance.
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Attention Heads via inter-matrix interactions effectively identifies high-quality attention 
matrices. Compared to removing the entire AMDT, retaining WAH with adaptive masking 
operations significantly mitigates performance degradation, proving that dynamic mask-
ing critically filters inter-utterance interaction noise while preserving utterance relevance. 
(3) Removing the entire LDL (w/o LDL) severely degrades performance, validating the 
necessity of language constraints in suppressing modality-specific noise from acoustic and 
visual inputs. (4) Replacing language-conditioned diffusion with standard diffusion (w/o 
condition L) shows that the cues in language modality can denoise the acoustic and visual 
modalities. While standard diffusion fails to denoise effectively, the Dual-Signal Alignment 
module partially compensates by aligning modality features. (5) Excluding denoised audio 
and visual features (w/o Â and V̂ ) during fusion causes performance decline, confirming 
that LDL not only reduces modality-specific noise but also learns denosing features weights 
for optimal fusion. (6) Replacing language-conditioned diffusion with acoustic-conditioned 
diffusion (w/ condition A) or visual-conditioned diffusion (w/ condition V) results in per-
formance degradation, especially on MELD, confirming that language modality provides 
the most effective conditioning for denoising due to its clearer emotional cues and less 
noise.

In conclusion, AMDT and LDL collaboratively enhance performance. Specifically, 
AMDT resolves inter-utterance interaction noise through adaptive masking and represen-
tation enhancement, while LDL tackles modality-specific noise via language-conditioned 
denoising and alignment. Their synergy enables robust multimodal emotion understanding.

4.4.3  Ablation studies for masking signals

As demonstrated in Table 7, we investigate the impact of two masking signals. The results 
show that removing both B and Z leads to the most significant performance degradation, 
confirming the synergistic effect of prior and posterior knowledge in noise suppression. 

B Z IEMOCAP MELD
ACC W-F1 ACC W-F1

✓ ✓ 71.24 71.18 68.30 67.16
✓ ✗ 70.66 70.30 67.66 66.42
✗ ✓ 70.38 70.12 67.53 66.46
✗ ✗ 70.09 70.06 67.43 66.40

Table 7  Ablation study on dif-
ferent masking signal (B and Z) 
combinations

 

Methods IEMOCAP MELD
ACC W-F1 ACC W-F1

w/o ARDT 69.60 69.54 67.36 66.34
w/o WAH 70.72 70.29 67.44 66.43
w/o LDL 69.76 69.56 67.42 66.17
w/o condition L 70.32 69.93 67.65 66.18

w/o Â and V̂ 70.94 70.51 67.99 66.69

w/ condition A 70.78 70.25 66.70 65.34
w/ condition V 70.66 70.65 66.74 65.37
Ours 71.24 71.18 68.30 67.16

Table 6  Performance of DTDiff 
for ablation study
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Furthermore, introducing either Z or B yields better performance than removing both, prov-
ing that both masking signals are effective for DTDiff and that speaker position information 
alone is insufficient for comprehensive contextual modeling and requires integration with 
noise suppression mechanisms.

Figure 4 visualizes the attention scores between the second utterance and 22 others in 
a conversation between speakers Chandler (C) and Monica (M) from the MELD test set. 
The first row displays the attention scores before masking, while the second row shows 
results after masking. The comparison reveals that the attention correlation between the 
second utterance (neutral) and negative-emotion utterances like the fifth, seventh, ninth 
(sad) and eleventh (angry) utterances is significantly reduced. Since the conversational con-
text is dominated by neutral or positive emotions, the masking operation effectively sup-
presses interference from irrelevant negative emotions through explicit positional signals 
and implicit denoising signals.

4.5  Analysis of conversation length

As shown in Table 1, we adopt quantiles to group conversations in the test set based on 
conversation length distributions of the IEMOCAP and MELD datasets. Specifically for 
IEMOCAP: short conversations (length ≤ 43), medium conversations (43 < length ≤ 59), 
and long conversations (length >59). The MELD dataset exhibits significantly shorter con-
versations with short conversation (length ≤ 5), medium conversations (5 < length ≤ 13), 
and long conversations (length >13).

Figure 5 illustrates our proposed DTDiff model’s performance across various conversa-
tion lengths compared to HAUCL. Crucially, DTDiff consistently outperforms HAUCL in 
all three conversation length categories. This demonstrates DTDiff’s enhanced capability in 
handling conversations of varying durations more effectively than HAUCL. Specifically, 

Fig. 5  Comparison of the performance of HAUCL and DTDiff under different conversation lengths on 
IEMOCAP and MELD

 

Fig. 4  Visualization of attention weights between the second utterance and other utterances in a MELD 
conversation, before (a) and after (b) applying masking signals. Speakers are denoted by C (Chandler) 
and M (Monica). The true emotion labels for each utterance are indicated below the speaker ID: ’joy’ 
(joy), ’neu’ (neutral), ’sad’ (sadness), ’sur’ (surprise), and ’ang’ (angry)
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DTDiff’s transformer-based architecture, with its adaptive masking mechanism, effectively 
filters irrelevant contextual dependencies and mitigates noise. It offers a significant advan-
tage over graph-based methods like HAUCL which suffers from excessive redundancy in 
contextual messages and over-smoothing in graph network, particularly in long conversa-
tions with fully connected graph structures. Moreover, we observe a general trend where 
DTDiff’s performance, while still superior to HAUCL, gradually degrades as conversation 
length increases. This phenomenon is primarily attributed to the significantly increased com-
plexity of contextual dependencies in longer conversations. As conversation length grows, 
semantic and emotional cues become more intricate. Although DTDiff employs dynamic 
masking and denoising to filter noise, it still encounters challenges in capturing all criti-
cal, long-range contextual information. To address this limitation, we will study enhancing 
long-conversation comprehension through hierarchical contextual modeling, or optimizing 
long-distance dependencies via more efficient attention mechanisms and auxiliary tasks in 
future work.

5  Limitations

Despite extensive experimental validation demonstrating the effectiveness of Transformer-
based architecture and language-conditioned diffusion model within our DTDiff framework 
for MERC, certain limitations is worth of consideration. Primarily, when emotional cues 
in the language modality are ambiguous or weak, the denoising efficacy for the acoustic 
and visual modalities can be compromised. In such scenarios, the conditioning signal from 
language might be insufficient or even misleading, leading to suboptimal denoising out-
comes and subsequently impacting the overall model performance. Furthermore, given that 
DTDiff incorporates a Transformer architecture and conditional diffusion model, it inher-
ently introduces significant computational cost, especially when dealing with longer con-
versations (i.e., large N values). These limitations highlight promising avenues for future 
research, including exploring more robust cross-modal condition mechanisms that can tol-
erate weaker linguistic signals. Additionally, optimizing transformer’s attention strategy and 
the sampling steps of diffusion model could enhance efficiency and scalability for more 
practical applications.

6  Conclusion

In this paper, we propose DTDiff, a multimodal emotion recognition model for conversa-
tional scenarios that integrates a dynamic masking mechanism and language-conditioned 
diffusion to systematically address dual noise challenges: cross-utterance interaction noise 
and modality-specific noise. By adaptively suppressing low-quality attention heads and 
enhancing feature compatibility through Dual-Signal Alignment, the model achieves sig-
nificant improvements in robustness and accuracy. Experimental results demonstrate the 
superior performance of DTDiff over existing methods. Future research could focus on 
enhancing long-conversation comprehension, resolving ambiguous emotion distinctions, 
and mitigating class imbalance issues to further advance practical applications.
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