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Multimodal dialogue emotion recognition captures emotional cues by fusing text, visual, and audio modalities.
However, existing approaches still suffer from notable limitations in modeling emotional dependencies and learn-
ing multimodal representations. On the one hand, they are unable to effectively filter out redundant or noisy
signals within multimodal features, which hinders the accurate capture of the dynamic evolution of emotional
states across and within speakers. On the other hand, during multimodal feature learning, dominant modalities
(e.g., textual cues) tend to overwhelm the fusion process, thereby suppressing the complementary contributions
of non-dominant modalities such as speech and vision, ultimately constraining the overall recognition perfor-
mance. To address these challenges, we propose an Adaptive Modality-Balanced Dynamic Semantic Graph Dif-
ferential Network (AMB-DSGDN). Concretely, we first construct modality-specific subgraphs for text, speech, and
vision, where each modality contains intra-speaker and inter-speaker graphs to capture both self-continuity and
cross-speaker emotional dependencies. On top of these subgraphs, we introduce a differential graph attention
mechanism, which computes the discrepancy between two sets of attention maps. By explicitly contrasting these
attention distributions, the mechanism cancels out shared noise patterns while retaining modality-specific and
context-relevant signals, thereby yielding purer and more discriminative emotional representations. In addition,
we design an adaptive modality balancing mechanism, which estimates a dropout probability for each modal-
ity according to its relative contribution in emotion modeling. This mechanism randomly discards a portion
of features from dominant modalities to suppress their overwhelming influence, while proportionally rescaling
the preserved features based on the dropout probability to maintain overall information balance. Extensive ex-
periments on IEMOCAP and MELD datasets validate that AMB-DSGDN significantly outperforms state-of-the-art
baselines, demonstrating its effectiveness and robustness in multimodal conversational emotion recognition.

1. Introduction

Dialogue emotion recognition is a key task in human-computer inter-
action, natural language processing, and affective computing, aiming to
accurately identify speakers’ emotional states in multi-party dialogues
to enhance the performance of intelligent systems in applications such as
social robots, virtual assistants, mental health monitoring, and customer
service (Ai et al., 2025; Poria et al., 2018; Wu et al., 2025a). With the
rapid development of artificial intelligence, dialogue emotion recogni-
tion has evolved from unimodal to multimodal approaches, integrating
text, visual, and audio sources to capture the complexity and multidi-
mensional features of human emotional expression (Tu et al., 2024; Wu
et al., 2025b). For instance, in everyday conversations, emotions are

* Our code is publicly available at https://github.com/wys-ljq/AMB-DSGDN.
* Corresponding author.

conveyed not only through verbal content but also through facial ex-
pressions and vocal tones, where the complementarity of these modal-
ities helps models better understand emotional dynamics (Sun & Zhou,
2025).

It is worth further attention that emotional states in dialogues evolve
continuously with the interaction process, exhibiting significant dy-
namic characteristics (Fu et al., 2025). In real scenarios, individuals
may sustain prior emotional states or adjust instantly due to others’
influences, reflecting intra-speaker continuity and inter-speaker inter-
activity (Mehrez & Selouani, 2025). Meanwhile, the importance of dif-
ferent modalities fluctuates dynamically during the dialogue, affecting
the model’s ability to capture emotional changes (Lian et al., 2023).
Fig. 1 illustrates a typical dialogue segment. The male, as a staff member,
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Fig. 1. An authentic and representative segment illustrating the dynamic evo-
lution of dialogue from the IEMOCAP dataset (SesO1F_impro01).

exhibits a stern attitude from the beginning, with his anger primarily
manifested through tone and facial expressions, persisting in subsequent
exchanges, reflecting the continuity of intra-speaker dependency. The
female initially makes a request in a natural tone, with the text modal-
ity providing rational semantic information, but as the male’s sternness
continues, she shifts to anger, with changes in vocal intensity and fa-
cial expressions becoming more prominent, demonstrating sensitivity to
the other’s emotions. This process indicates that the female’s emotional
changes rely more on inter-speaker emotional influences, highlighting
the dynamic contagion of cross-speaker dependencies. At the same time,
this segment reveals the phased dominance of different modalities in the
dialogue process: the text modality typically provides clearer semantic
information in the early stages, while audio and visual modalities play
a larger role when emotional changes are evident.

Unlike traditional static feature modeling, multimodal dialogue emo-
tion recognition tasks require capturing the dynamic evolution of emo-
tion dependencies over time (Cheng et al., 2024; Zhao et al., 2025a,b). If
only static graph structures are employed for modeling, emotion depen-
dencies are often reduced to fixed relational patterns, making it difficult
to capture the dynamic changes in emotions driven by contextual vari-
ations, thus limiting the ability to model complex dialogue scenarios
(Farhadipour et al., 2025). Meanwhile, multimodal features commonly
contain redundant and shared noise, which, if indiscriminately incor-
porated into the modeling process, can obscure effective emotional sig-
nals and reduce the discriminative power of representations (Fan et al.,
2024). Additionally, this task must address the fluctuating contributions
of different modalities throughout the dialogue process. If the model
overlooks the dynamic differences between modalities, it is likely to
result in dominant modalities overly influencing the outcome, while
weaker modalities fail to contribute effectively, ultimately degrading
overall recognition performance (Shou et al., 2024). Therefore, to effec-
tively capture the continuously evolving emotional states in dialogues,
it is essential to achieve dynamic modeling of emotion dependencies,
effective suppression of noise in modeled features, and adaptive regula-
tion of modality contributions.

To this end, researchers in multimodal dialogue emotion recogni-
tion (MERC) have proposed various modeling approaches, mainly di-
vided into two directions: sequence structure methods rely on recur-
rent or memory networks to depict temporal dependencies, capable of
capturing local continuity but struggling to cover long-distance inter-
speaker interactions (Majumder et al., 2019); graph structure methods
build dialogue graphs to model intra- and inter-speaker dependencies
but mostly use static edge weights, ignoring the dynamic changes of de-
pendency relationships with time and context (Ghosal et al., 2019). At
the same time, for the fluctuating contributions of different modalities
in the dialogue process, existing methods lack effective balancing reg-
ulation mechanisms, easily causing dominant modalities to prevail and
weaker modalities to be diminished (Guo et al., 2024a).

To address the aforementioned limitations, this paper proposes a Dy-
namic Semantic Graph Differential Network with Adaptive Modal Bal-
ancing. Specifically, for modeling emotion dependencies, we construct
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modality-specific subgraphs for text, speech, and visual modalities to
capture both inter-speaker interactions and intra-speaker emotional evo-
lution. On top of these subgraphs, we design a graph differential atten-
tion mechanism. This mechanism first projects utterance features into
a unified representation space and computes attention distributions be-
tween nodes using left and right linear transformations, while explic-
itly modeling inter-speaker interactions by incorporating relational em-
beddings. Subsequently, a differential operation is performed on the
two attention distributions, canceling out their overlapping components
and retaining only the differential parts. This approach effectively re-
moves shared noise present across different modalities while empha-
sizing modality-specific and contextually relevant dependency signals.
Through this differential modeling strategy, the model not only filters
out redundant information but also captures the dynamic dependencies
evolving with context in dialogues, resulting in purer and more discrimi-
native emotional representations. For modality regulation, we introduce
an adaptive modal dropout mechanism. The model calculates dropout
probabilities based on the relative performance of each modality in
emotion recognition and randomly discards a portion of the dominant
modality’s features through probabilistic sampling, while scaling the re-
tained features to ensure the stability of the overall information content.
This strategy effectively mitigates modality imbalance, preventing any
single modality from overly dominating the fusion process. Through the
synergistic interaction of these two mechanisms, the model can dynam-
ically capture emotional evolution in dialogues. The main contributions
of this paper are as follows:

e We propose AMB-DSGDN, which explicitly constructs modality-
specific subgraphs to model both intra-speaker and inter-speaker
emotional dependencies. By jointly integrating differential graph at-
tention and an adaptive modality balancing mechanism, the model
effectively captures dynamic emotional variations in conversations
while alleviating noise interference and modality imbalance, enhanc-
ing the discriminability of emotional representations.

e We design a differential graph attention mechanism that computes
discrepancies between paired attention maps on modality-specific
subgraphs. Through differential contrast, this mechanism suppresses
shared noise and highlights modality-specific and context-relevant
information, improving dynamic emotion modeling capability.

e We further introduce an adaptive dropout-based modality balanc-
ing mechanism, which dynamically identifies the dominant modality
and randomly drops part of its features, while proportionally rescal-
ing the retained features, thereby alleviating the impact of single-
modality dominance and enabling balanced multimodal information
fusion.

Extensive experiments on the IEMOCAP and MELD datasets demon-

strate the superior performance and robustness of AMB-DSGDN.

2. Related works

This section reviews recent advances in multimodal learning, dy-
namic emotional dependencies, and modal imbalance learning, high-
lighting key challenges and research directions for improving multi-
modal conversational emotion recognition.

2.1. Multimodal learning

In recent years, multimodal learning has made significant progress
in fields such as computer vision, natural language processing,
and speech analysis. Researchers have proposed various methods
to enhance multi-source information fusion and improve model
generalization performance. In multimodal emotion recognition tasks,
the NORM-TR model (Liu et al., 2024) effectively captures long-range
dependencies between modalities and improves the model’s robustness
to noise and computational efficiency through a noise-robust feature
extractor and noise-aware learning scheme combined with a Trans-
former fusion mechanism. The AffectGPT model (Lian et al., 2025) uses
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a pre-fusion operation and multimodal large language model architec-
ture, placing cross-modal interactions outside the LLM to capture fine-
grained emotions from text, audio, and visual inputs. The HKD-MER
model (Sun et al., 2024) enhances feature balance and discriminative
ability by transferring dominant modality knowledge to other modali-
ties through hierarchical knowledge distillation. The MERBench model
(Lian et al., 2024b) achieves fine-grained modeling of modality hetero-
geneity and cross-modal interactions using an attention-based fusion
framework. Overall, these methods have achieved positive results in fu-
sion effects and generalization capabilities. However, existing research
often fails to fully consider the dynamic differences in emotional ex-
pressions across modalities in dialogue scenarios, cannot effectively fil-
ter redundant noise in multimodal features, and the dominant modality
(such as text) overly dominates the fusion process, suppressing the com-
plementary role of non-dominant modalities, thereby limiting overall
recognition performance. To this end, this paper constructs modality-
specific subgraphs for dynamic emotion modeling, introduces differ-
ential graph attention to offset shared noise, and adopts an adaptive
dropout strategy to adjust modality contributions, thereby improving
joint learning in multimodal models.

2.2. Dynamic emotional dependencies

In the field of emotion recognition, recent research has proposed var-
ious methods to better capture dynamic emotional dependencies, mainly
including two categories: recurrent neural network (RNN)-based and
graph convolutional network (GCN)-based models. RNN-based meth-
ods (such as the optimized RNN model (Reddy et al., 2025)) can han-
dle sequential data and model temporal dependencies, but are prone to
gradient vanishing or explosion in long sequences, limiting the expres-
sion of complex emotional dynamics. To enhance modeling capabili-
ties, researchers use GCN to handle emotional association structures,
suitable for dialogue scenarios with multi-turn interactions. DER-GCN
(Ai et al., 2024) strengthens inter-speaker dependency modeling by fus-
ing dialogue-aware and event-aware information; SERC-GCN (Chandola
et al., 2024) captures changes in speaker emotional states to better cap-
ture emotional evolution. Some studies also attempt to fuse RNN and
GCN, such as GCN-LSTM (Kong et al., 2024), to balance temporal and
structural information. Additionally, DEDNet (Wang et al., 2024) mod-
els inter- and intra-speaker emotional dependencies and uses interac-
tion to capture emotion changes. Although these methods have made
progress, most graph-based methods still rely on static edge weights, and
noise in multimodal features weakens the characterization of dynamic
emotional dependencies. Therefore, this paper constructs intra-speaker
and inter-speaker subgraphs in each modality to express temporal and
interactive relationships of emotions. At the same time, positive and neg-
ative branch differential attention is introduced in the graph, using the
difference in their attention and amplifying stable and consistent emo-
tional features to achieve more reliable dynamic emotion modeling.

2.3. Modal imbalance learning

Modality imbalance is one of the core challenges in multimodal
learning in recent years. Different modalities differ in data quality, in-
formation density, and availability, leading to some modalities dom-
inating the fusion while others’ contributions are weakened. To ad-
dress this issue, researchers have proposed various strategies. Wei et al.
(2024) designed a dynamic modality assignment framework that adap-
tively adjusts weights for each modality, enhancing the contribution of
secondary modalities and alleviating single-modality dominance. Wang
et al. (2025) proposed an adversarial modality balancing method that
enhances underrepresented modality features through quantity-quality
reweighting, improving fusion effects. The MPLMM model proposed by
Guo et al. (2024b) dynamically suppresses noisy modalities in emotion
recognition while retaining key information. The MER framework pro-
posed by Lian et al. (2024a) combines modality robustness with semi-
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supervised learning to enhance the discriminative ability of secondary
modalities. Chen et al. (2024) use multimodal knowledge distillation in
a teacher-student architecture to achieve cross-modal knowledge trans-
fer, alleviating performance degradation caused by modality imbalance.
Nevertheless, existing methods do not fully consider the fluctuations in
modality contributions with contextual changes in dynamic dialogues,
leading to greater model fluctuations under extreme imbalances. To this
end, this paper proposes an adaptive modality balancing strategy that
dynamically adjusts feature sampling by evaluating each modality’s per-
formance in the current batch and proportionally amplifies retained fea-
tures, thereby moderately suppressing features of dominant modalities
when they are too strong while enhancing secondary modality contri-
butions to achieve balanced fusion of multimodal features.

3. Task definition

Multimodal Emotion Recognition in Conversation aims to identify
the emotion category of each utterance in a dialogue sequence. The
input to this task is a dialogue sequence comprising multiple utter-
ances, where each utterance includes features from text, visual, and au-
dio modalities, along with speaker information and contextual relation-
ships. Formally, given a dialogue sequence D = {u,,u,, ..., uy }, Wwhere N
is the number of utterances, each utterance ; consists of its text feature
t; € R%, visual feature v; € R%, audio feature a;, € R%, speaker iden-
tifier s;, and emotion label y; € {1,2,...,C} (C is the number of emo-
tion categories). The model’s objective is to learn a mapping function
f D> {y,y,...,yy} to maximize prediction accuracy and weighted
F1 score. This task incorporates multimodal fusion, speaker dependen-
cies, and contextual relationships, making it suitable for datasets such
as IEMOCAP and MELD.

4. Methodology

In this section, we introduce the proposed multimodal emotion
recognition method for conversations. The method encompasses six
key components: model architecture, utterance-level encoder, relational
subgraph construction, differential attention graph convolutional net-
work, dynamic modality balancing mechanism, and emotion classifier.

4.1. Model architecture

AMB-DSGDN combines differential attention graph convolutional
networks with dynamic modality balancing mechanisms. Fig. 2 shows
the overall framework of the model, mainly consisting of five core com-
ponents: utterance-level encoder, relational subgraph construction, dif-
ferential attention graph convolutional network, dynamic modality bal-
ancing mechanism, and emotion classifier. First, text, audio, and vi-
sual features are mapped to unified dimensional hidden representations
through respective linear transformations. Subsequently, a Transformer
encoder incorporating speaker embeddings is introduced for contextual
modeling to capture temporal dependencies between utterances. On this
basis, the model constructs intra-speaker and inter-speaker relational
subgraphs and uses differential attention graph convolution mechanisms
to model emotional dependencies. This mechanism suppresses shared
redundancies and noise patterns by modeling differences in node at-
tention distributions in the same modality subgraph, thereby highlight-
ing true emotional dependency signals. This design helps more accu-
rately characterize dynamic emotional changes in dialogues. In terms
of modality regulation, the adaptive modality dropout mechanism gen-
erates dropout probabilities based on each modality’s contribution to
emotion modeling and scales compensated retained features to achieve
dynamic weight adjustment across modalities. Finally, the fused multi-
modal features are fed into the emotion classifier for prediction, while
auxiliary losses are introduced to enhance the robustness of unimodal
emotional representations.
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Fig. 2. This architecture includes four core modules: first, the utterance-level encoder extracts unimodal features through OpenSmile (audio), RoBERTa (text),
DenseNet (video), and after Transformer combining speaker embedding (Spk Emb) and position embedding (Pos Emb) encoding, obtains the text feature xj, video fea-

1
i

ture x;, audio feature x

for the i-th utterance; second, the differential graph attention module constructs subgraphs including "intra-speaker subgraph (Intraspeaker)"

and "inter-speaker subgraph (Interspeaker)" for each modality, computes differences between two groups of attention distributions through differential graph at-
tention, eliminates cross-modal shared noise and retains modality-specific emotional signals; then, the adaptive modality balancing module computes dropout
probabilities (¢,/4,/4,) for each modality based on batch-level performance, performs dynamic dropout on dominant modalities, while scaling retained features
through gradient compensation to maintain information balance; finally, through multimodal fusion and classification module, fuses the balanced features via linear

layers and inputs into the classifier to obtain emotion recognition results.

4.2. Utterance-level encoder

The utterance-level encoder is used to perform feature extraction and
fusion on multimodal inputs (text, visual, and audio) to generate seman-
tic representations for each utterance in the dialogue. This module con-
sists of modality feature projection, position encoding and speaker em-
bedding, and Transformer encoding layers, ultimately outputting uni-
fied representations for the three modalities.

For each utterance in the dialogue, initial features are first extracted
from pre-trained models: text modality uses RoBERTa (Liu et al., 2019),
visual modality uses DenseNet (Huang et al., 2017), audio modality uses
OpenSmile (Eyben et al., 2010). Subsequently, linear mappings project
different modality features to unified hidden dimensions:

Xi=W,-t'+b, x'=W,-f'+b, x!=W,-f'+b,, @

where fi’ ,f/,f represent the original text, visual, and audio features of
the i-th utterance, respectively, W, € R%*Pr W, € R4w*Po W, € R¥n*Pa
are projection matrices, b,,b,,b, are bias terms.

To introduce sequence position information and speaker identity in-
formation, the model adds position encoding and speaker embedding.
Position encoding uses sine-cosine form:

. . pos
PE(pos,2j) = sin (—),
10000%//d
@
. o pos
PE(pos,2j+ 1) =cos <—10()002j/dh >

where pos represents the position of the utterance in the sequence, j is
the dimension index. Speaker embedding is generated through an em-
bedding layer: s; = E (spk;),where E, € Rs*DXd p  is the number of
speakers.

For audio and visual modalities, add the projected features with po-
sition encoding and speaker embedding:

3

Subsequently, audio and visual modalities are input into indepen-
dent Transformer encoders to model contextual dependencies. Each en-

x! =x{ + PE(i)+s;, X;=x{+ PE(®i)+s;.

coder consists of a single-layer multi-head self-attention and position-
wise feed-forward network. The self-attention mechanism is defined as:

T

)

k

Attention(Q, K, V) = softmax< 4)
where Q = W,x,K = Wi x,V = W,x,d;, = d,/h,h is the number of atten-
tion heads. The position-wise feed-forward network is defined as:

FFN((x) =W, -GELU(W, - LN(X)) +x, 5)

where LN represents layer normalization.
Finally, the contextual representations of audio and visual modalities
are uniformly represented as:

x", A"

e = TransformerEncoder(x”, mask, s),

m € {a,v},

(6)
where A” s the attention matrix reflecting dependencies between ut-

terances, mask is the utterance mask, s represents sequence information.
4.3. Relational subgraph construction

In dialogues, each utterance u; is represented as graph node v;, with
multimodal features x!",m € {t,v, a}, corresponding to text, visual, and
audio modalities respectively.

4.4. Graph construction and representation

A complete dialogue is represented as U = {ul,uz,...,uNh}, and
modeled as a directed graph G=(V,& R, W), where each utter-
ance u; corresponds to node v; € V. Node features consist of
multimodal representations (x!, x{, x{"), corresponding to text, visual, and
audio modalities. To model emotional dependencies, the model con-
structs two relational subgraphs: intra-speaker subgraph Adj, and inter-
speaker subgraph Adj., characterizing temporal evolution within the
same speaker and interactive relationships between different speakers
respectively. Edge set € represents dependencies between utterances,
edge types R encode temporal and emotional relationships into five
categories: self-past, self-future, inter-speaker past, inter-speaker future,
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and self-loop. Edge weights W represent interaction strength or proxim-
ity. Adjacency range is constrained by window size w = 5 to reduce long-
distance noise and computational complexity. During batch processing,
dialogue maximum length is set to L = max, N,, with padded positions
set to zero. The two subgraphs are stacked as Adj, and Adj,, providing
structural information for subsequent graph attention modeling.

The intra-speaker subgraph Adj, only connects utterances from the
same speaker, used to model internal consistency and temporal evolu-
tion:
ifi=jAs; =s;,

. ifi>jAli—jl|<wAs; =s; (intra-past),
(Ad.]s),',j = ' / )

ifi<jali-jl<wAs; =s; (intra-future),

S W N =

otherwise.

This design highlights the cumulative impact of past utterances on
current emotions while introducing forward-looking context from future
utterances.

The inter-speaker subgraph Adj, is used to model dynamic interac-

tive relationships between different speakers:
ifi=j,

. ifi<jAali—jl<wAs; #s; (inter-future),
(Ad.]c)i,j = ! J 8

ifi>jAli-jl<wAs;#s; (inter-past),

o v A =

otherwise.

This subgraph characterizes responses, conflicts, and collaborations
in inter-speaker emotional dynamics.

The two relational subgraphs are finally represented as Adj,, Adj, €
7B<IxL where r;; € R,and Adj;; =id(r; ;). The separated subgraph
structures support hierarchical modeling, first aggregating global inter-
action information across speakers, then refining single-speaker inter-
nal representations, thereby enhancing modeling capabilities in multi-
speaker scenarios.

The above relational subgraphs are shared across different modal-
ities but act on their respective modality representations. Specifically,
text, visual, and audio modalities use independent differential graph at-
tention networks and model on the same Adj, and Adj.. Taking text
modality as an example, inter-speaker GAT (‘gatTer) first acts on Adj,,
followed by intra-speaker GAT (‘gatT‘) on Adj,. Audio and visual modal-
ities use ‘gatAer‘ / “gatA‘ and “gatVer / “gatV‘ respectively. This design
allows each modality to independently learn relation representations
while sharing dialogue structures.

4.5. Differential attention graph convolutional network

To fuse structural information in relation subgraphs, we propose the
Differential Relational Graph Convolutional Network (DiffRGCN). This
network introduces a differential attention mechanism based on GAT
to model relation types and feature differences. DiffRGCN consists of
multi-head attention layers and an output layer, where each attention
head implicitly characterizes enhancement and suppression relation-
ships between nodes through the differential mechanism and enhances
semantic awareness by combining relation labels. This network can be
applied independently to different modalities and sequentially acts on
inter-speaker subgraphs and intra-speaker subgraphs, first aggregating
inter-speaker interactions, then refining intra-speaker representations,
with the specific process shown in Algorithm 13.

The core of DiffRGCN is the differential graph attention layer. This
layer divides the input features into positive and negative branches,
modeling emotional enhancement and suppression signals respectively,
and achieves differential aggregation through learnable lambda param-
eters. Specifically, the input features first undergo linear projection:

Wh = H"W, ©

where H” € RBXLXdin W e R%n*dou | B is the batch size, and L is the
number of nodes.
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Algorithm 1: Differential graph attention layer.

Input: Node features H"”, adjacency matrix Adj, layer depth d,
relation-aware flag
Project node features using Eqn. (9) to obtain Wh;
Split Wh into positive and negative branches;
Generate P, kP°S, vPOS and "8, k"®8, v"¢8 using Eqn. (10) and
Eqn. (11);
4 if relation-aware enabled then
L Embed adjacency relations into attention scores;

w N =

6 Compute raw attention scores eP° and ™8 using Eqn. (12);

7 Apply activation, masking, and Softmax normalization to
obtain aP° and a8,

8 Compute differential coefficients 4, 4,, and Ag; using
Eqn. (13) and Eqn. (14);

9 Fuse positive and negative attention weights to obtain final «
using Eqn. (15);

10 Concatenate value vectors vP° and v to obtain Wh,
(Eqn. (16));

11 Aggregate Wh,, using attention weights « to obtain h’
(Eqn. (17));

12 Concatenate multi-head outputs to obtain final node
representations x (Eqn. (18));

13 return x and attention weights a;

In the positive branch, the projected features are used to generate
query and key vectors:
pos _ ,POS pos pos _ ,POS pos
4 = A (Wh )’ kPP = Aignt (Wh ) (10)
The negative branch correspondingly generates "8 and k™¢8.
The value vectors for positive and negative branches are defined as:

YPOS — WhPOS|  yN€8 — Whnes, an

When relation awareness is enabled, the adjacency matrix is embed-
ded as a relation representation R € RE*IXLxd: and projected to obtain
rel’® and rel™8, which are added to the base attention scores:

pos __ _pos pos\ T pos
e =q + (kj )+ rel; ”,

neg _ _neg neg\ T neg
e, =q +(kj ) +rell.yj.

12

The positive attention scores undergo LeakyReLU activation, mask
invalid edges with Adj < 0, and are then normalized via Softmax to ob-
tain positive attention weights aP°. The negative branch follows the
same process to obtain «"¢8.

To balance positive and negative attention, differential lambda pa-
rameters are introduced. First, we compute:

D
— d) 4
4y = exp <Z j’leftﬁl Aright,l)’

=1
D
— () ()
Ay = exp ( ; Mrefen ” Aright.2>’

where all parameters are initialized from a normal distribution with
mean 0 and variance 0.1. The final differential coefficient is defined as:

13

Afa = A1 — A2 + Appits a4

where 4. = 0.8 — 0.6exp(—0.3 - depth), and depth denotes the layer
depth.
The final attention weights are obtained through differential fusion:

a = apos - ﬂ‘:uu . aneg. (15)

This operation enhances effective emotional dependencies while sup-
pressing noise interference.
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Subsequently, the value vectors of the positive and negative branches
are concatenated:

Wh, = cat(vPos, y1e8) € R BXLxXdoy . a6)

and neighbor feature aggregation is completed under the attention
weights:

W = aWh,. 17)

DiffRGCN adopts multi-head differential attention to model multi-
view relationships in parallel, with outputs concatenated as:

x = cat([att;(x, Adj)]). (18)

The concatenated result undergoes dropout, an output attention
layer, and a fully connected layer with residual connection, and final
node representations are obtained via layer normalization.

This design combines multi-head mechanisms with differential mod-
eling, effectively enhancing the expressive power and stability of rela-
tion modeling while keeping the computational complexity O(BLwd -
h+ BL?/h) controllable.

4.6. Adaptive modality balancing

In multimodal learning, the contribution of each modality to emo-
tion modeling is typically imbalanced, which may cause weak modali-
ties to be overlooked during fusion. To address this issue, we propose
a Dynamic Modality Balancing mechanism, which dynamically adjusts
modality weights via an Adaptive Modality Dropout strategy. The de-
tailed procedure is illustrated in Algorithm 15. To ensure timely respon-
siveness to changes in modality contributions, the modality performance
metric p,,, ratio parameter r,, ;, and dropout probability g,, are updated
in each training batch. This mechanism is only activated after the model
enters a stable training phase. The determination of the stable train-
ing phase is based on the sensitivity experiment results of the warm-up
epochs. As shown in the experiments in Section 6.2 the model perfor-
mance stabilizes and reaches the optimal level after approximately 60
training epochs on the IEMOCAP dataset. Therefore, this paper sets the
warm-up epoch to about 60 to avoid the impact of early parameter fluc-
tuations on model convergence.

First, we calculate the modality-level performance metric p,, for
each instance. We use the weighted Fl-score for measurement: p,, =
F1(9,,, y. U), where ), = arg max(P), y denotes the ground-truth label,
and U is the utterance mask used to filter padding positions. It is de-
fined as:

ch=| w, - Precision, - Recall,
Pm = e R (19)
Yot We

where w, = is the inverse frequency weight of class c. Preci-

N
X, 10=c)
sion and Recall are computed based on valid utterances. Specifically,
we first flatten the logits and labels: an =P, [U==1], 3 =y[U == 1],
- TP, _ TP,

then calculate Precision, = TP, Recall, = TN, -

Subsequently, we compute the relative performance differences be-
tween modalities. For modality m, its performance ratio with other
modalities is defined as:

r, = m -1,

vj s 20
m,j P +e j#Fm (20)

where ¢ = 1073 is a smoothing factor to avoid division by zero. Further-
more, for any modality m, the dimension of its relative performance ratio
vector r,, is |M| — 1, where M = {t,v, a}. Each dimension of r,, corre-
sponds to the performance ratio r,, ; between modality m and another
modality j(j # m), i.e.:

Yy = [y jljen jsm- @1

In subsequent calculations, we do not explicitly filter positive values
of r,; instead, we directly apply the ReLU activation to the complete
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Algorithm 2: Adaptive modality dropout.
Input: Modality feature list F = [T, V, A], batch size B, base

dropout probability gy, scaling factor A, labels y,
training mask U

1 for each training batch do

// Compute modality performance p,

2 for each modality m do

3 | pw=F1(F,,y,U)

// Compute relative performance ratios and
dropout probabilities

4 for each modality m do
— Pm _ ; .
5 rm’j_p/+€ 1,Vj # m;
6 G = clip(gpage - (1 + 4 - Softmax(ReLU(r,, ,))). 0, 1);

// Apply dropout and scaling
7 Randomly decide whether to apply dropout;
8 if dropout is applied then

9 Sample Bernoulli mask M ~ 1 — g;
10 Apply mask: F/ =M O F;
11 Scale by expectation: F”/ = F"' /(1 — 0);
12 Keep instances with at least one modality: F"”" = F[u];
13 else
14 L F” =F,u=1,

15 return Dropped and scaled modality features F”” and valid
instance mask u.

ratio vector to suppress negative terms, and perform Softmax normal-
ization on the non-negative results to smooth the relative performance
differences between modalities. Specifically, we construct the ratio vec-
tor r,, by arranging all relative performance ratios r,, ;(j € M, j # m) in
index order, first applying non-negative constraint: r} = max(r,,, 0), then
performing Softmax normalization:

exp(r’
i P 22)
2 exp(ry,)
and finally obtaining the weighted average ratio:
SLICLY 23)
L

Based on this ratio, the modality dropout probability is defined as:
4 = clip(q,,, 0, 1), @29

where ¢, = 0.3 and 4 = 0.9 are hyperparameters. This design makes
high-performance modalities have a higher dropout probability, thereby
encouraging the model to focus on weaker modalities while avoiding
extreme differences from dominating the training process.

When performing modality dropout, for the modality feature set F =
[T,V,A] € RMxBxNxd (where M = 3 and B is the number of instances),
we first decide whether to perform dropout with probability pey. = 0.5.
If dropout is performed, we generate a Bernoulli mask:

Gm = Gpase - (L + 4 Fy),

M,, , ~ Bernoulli(1 — g,,), (25)

and apply it to the features: ¥ =M OF.
Subsequently, we perform expectation compensation scaling via a
custom Autograd function:

g = Znnin
I

where d,, = d,, is the modality dimension. Its forward propagation is

linear scaling, and the backward propagation only passes gradients to

the input:
OF" 1 )
oF ~ 1-6" 90

F/

F' =
1-6’

(26)

27
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Finally, we filter valid instances using the update flag u, =
>. M, , > 0, retaining only samples with at least one modality: F""/ =
F’'[u], thus avoiding the empty representation problem caused by full
modality dropout.

4.7. Emotion classifier

After obtaining multimodal dynamic representations, we design a
multimodal fusion and classification module to integrate text, visual,
and audio features and generate emotion predictions. For the final rep-
resentation of each modality, the model uses independent classification
heads for projection. Each classification head consists of ReLU activa-
tion, Dropout layer, and linear mapping to map hidden representations
to class space. Taking the text modality as an example, its classification
process is defined as:

t = o(Dropout(ReLU(x; W, + b,))). (28)

where W, € R%XC | b, € R®, o represents the output after linear map-
ping. The classification heads v and a for visual and audio modalities
are constructed in the same way.

Subsequently, fusion is completed by element-wise addition of each
modality’s logits:

O=t+v+a, (29)

and log-softmax is used to compute the fused probability distribution:

P = log(softmax(0)), P = softmax(O). (30)

The predicted label is obtained by argmax of P. To enhance uni-
modal representation capabilities, the model simultaneously computes
unimodal log-softmax probabilities P,, P, and P, for auxiliary optimiza-
tion.

The model training uses cross-entropy loss and incorporates se-
quence masks to adapt to variable-length inputs. The fusion loss is de-
fined as:

Leusion = CE(P,y, m), (€20)]
where the cross-entropy form is:
L c
CE(P,y,m)=— Y m; Yy, logP,. (32)
i=1 c=1

Here, L represents sequence length, C represents number of classes,
P, is the predicted probability, y; . is the one-hot label, m; € 0,1 is the
mask. The final training objective consists of fusion loss and unimodal
auxiliary losses:

L = Legion + 4L +a, L, +a,Ly, (33)

where a, = L£,/10 etc. are adaptive weights to balance training contri-
butions from different modalities.

5. Experiments

This section introduces the experimental setup of this study, includ-
ing datasets, baseline models, evaluation metrics, and implementation
details. Through these settings, we conducted a comprehensive evalua-
tion of the proposed model and compared it with existing state-of-the-art
methods to validate its effectiveness.

5.1. Datasets

As shown in Table 1, this experiment employs two widely used mul-
timodal dialogue emotion recognition datasets: IEMOCAP and MELD.
These datasets contain multimodal features such as text, audio, and vi-
sion, making them suitable for evaluating the model’s performance in
multimodal fusion and dialogue context modeling.

IEMOCAP dataset (Busso et al., 2008): This dataset was collected
by the University of Southern California, consisting of 10 dialogue ses-
sions with a total of approximately 12 hours of video recordings. Each
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dialogue involves two speakers and is annotated with 6 emotion cate-
gories: neutral, happy, sad, angry, excited, and frustrated. The dataset
comprises a total of 5531 utterances. We follow the standard partition-
ing method, using the first 8 sessions as the training set and the last 2 as
the test set. The multimodal nature of this dataset makes it a benchmark
for evaluating emotion recognition models.

MELD dataset (Poria et al., 2018): This dataset is based on dialogue
segments from the TV show "Friends," containing approximately 1400
dialogues with 13,708 utterances. It is annotated with 7 emotion cate-
gories: neutral, surprise, fear, sad, joy, disgust, and angry. We use the
official split: approximately 1000 dialogues for the training set, 100 for
the validation set, and 300 for the test set. The larger number of speak-
ers in this dataset (up to 9) increases the complexity of dialogue context
modeling.

5.2. Baselines

To validate the superiority of the proposed model, we selected the
following baseline models for comparison. These models cover repre-
sentative methods based on RNN, GCN, and multimodal fusion. We re-
produced them on the same datasets or used publicly available code for
experiments.

DialogueRNN (Majumder et al., 2019): An RNN-based model that
utilizes attention mechanisms to capture emotional dynamics in dia-
logues.

DialogueGCN (Ghosal et al., 2019): A graph convolutional network-
based model that models dialogues as graph structures to capture depen-
dencies between utterances.

MMGCN (Hu et al., 2021): A multimodal graph attention network
that fuses text, audio, and visual modalities through graph attention
mechanisms for emotion recognition.

MM-DFN (Hu et al., 2022): A multimodal dynamic fusion network
that uses dynamic attention to fuse multimodal features.

COGMEN (Joshi et al., 2022): A contextualized graph neural net-
work for multimodal emotion recognition, combining GNN and multi-
modal fusion.

MultiEMO (Shi & Huang, 2023): An attention-based correlation-
aware multimodal fusion framework that emphasizes inter-modal cor-
relations.

SDT (Ma et al., 2024): A speaker-dependent Transformer model that
uses Transformers to capture speaker-specific patterns.

GraphCFC (Li et al., 2023): A directed graph-based cross-modal fu-
sion network for multimodal emotion analysis.

RL-EMO (Zhang et al., 2024): A reinforcement learning-enhanced
emotion recognition model that optimizes emotion prediction via RL.

DEDNet (Wang et al., 2024): A dual encoder-decoder network for
handling multimodal dialogue emotions.

DER-GCN (Ai et al., 2024): The model constructs a weighted multi-
relational graph to capture diverse dependencies in dialogues and inte-
grates multimodal features via a self-supervised masked graph autoen-
coder and a multi-information Transformer.

MERC-PLTAF (Wu et al., 2025b): This work adopts fine-grained fea-
ture extraction and cross-modal fusion strategies to jointly model mul-
timodal emotional information across dialogues.

5.3. Evaluation metrics
We employ the weighted F1 score and weighted accuracy as the pri-

mary evaluation metrics to comprehensively assess model performance.
All metrics are computed on the test set using the Scikit-learn library.

5.4. Implementation details

The model is implemented using the PyTorch framework. For the
text modality, features are extracted using RoOBERTa with a dimension
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Table 1

Expert Systems With Applications 319 (2026) 132002

Statistical information of the IEMOCAP and MELD datasets, including the number of conversations, utterances, speakers, total emotion classes, and
the number of utterances for each emotion class. The values are reported as Train + Validation / Test splits.

Happy Excited
Dataset Convs Utterances Speakers Classes Neutral Joy Sadness Angry Surprise Frustrated Disgust  Fear
IEMOCAP 120/ 31 5810/1623 2 6 1708 /490 1636 /456 1084 /266 1103 /290 1041 /265 1848 /324 - -
MELD 1153 /280 11,098 /2610 9 7 5180 /1256 1940 /368 794 /208 1243 /364 1205/431 - 293 /68 268/50
Table 2

The table evaluates the performance of all models on the IEMOCAP (six emotion categories) datasets using F1 scores, while presenting their overall
performance across three datasets with weighted accuracy (wa-ACC) and weighted F1 score (wa-F1) as metrics, where the best results are bolded and

the second-best are underlined.

IEMOCAP
Models K

happy sad neutral angry excited frustrated Wa-ACC  wa-Fl

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1
DialogueRNN 25.00 34.95 82.86  84.58  54.43 57.66 61.76 64.42 90.97  76.30 62.20 59.55 65.43 64.29
DialogueGCN 64.29 29.03 80.86 64.37 43.14 50.96 68.49 63.29 71.85 68.19 57.68 62.41 62.07 58.19
MMGCN 32.64 39.66 72.65 76.89 65.10 62.81 73.53 71.43 77.93 75.40 65.09 63.43 66.62 66.25
MM-DFN 44.44 44.44 77.55 80.00 71.35 66.99  75.88  70.88 74.25 76.42 58.27 61.67 67.84 67.85
TS-GCL 71.20  70.00  81.30 81.70 67.40 64.20 60.50 61.40 74.60 76.50 62.00 64.00 70.30 70.20
MultiEMO 53.80 56.29 83.33 83.50 75.60 70.11 68.29 67.07 79.70 75.79 64.82 70.35 72.29 71.69
SDT 55.06 57.62 80.58 80.08 65.73 69.14 67.88 66.87 82.50 73.47 66.58 67.53 70.54 69.95
GraphCFC 41.52 45.08 87.12 84.84 65.19 63.27 68.31 70.82 77.16 75.85 62.86 63.19 68.39 68.02
RL-EMO 40.28 47.15 79.18 81.17 69.79 66.67 74.12 64.28 78.60 76.18 58.01 61.82 69.16 68.20
DEDNet 56.32 64.07 81.15 80.98 73.92 7497 6737 71.11 8438 77.84 7299 69.68  74.47 73.79
DER-GCN 60.70 58.80 75.90 79.80 66.50 61.50 71.30 7210  71.10 73.30 66.10 67.80 69.70 69.40
MERC-PLTAF 75.60 75.30  74.20 80.00 71.10 71.40 7590 7470 59.70 5470 73.50 7220 7270 71.40
AMB-DSGDN(Ours)  60.23 66.25 84.58 81.36 74.14 76.20 70.86 71.88 8587 81.34 7324 7217  76.09 75.64

Table 3

The table evaluates the performance of all models on the MELD (seven emotion categories) datasets using F1 scores, while presenting their overall
performance across three datasets with wa-ACC and wa-F1 as metrics, where the best results are bolded and the second-best are underlined.

MELD
Models . : i

neutral surprise fear sadness joy disgust anger Wa-ACC  wa-Fl

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1
DialogueRNN 82.17 76.56 46.62 47.64 0.00 0.00 21.15 24.65 49.50 51.49 0.00 0.00 48.41 46.01 60.27 57.95
MMGCN 84.32 7696 47.33 49.63 2.00 3.64 1490 20.39 56.97 53.76 1.47 2.82 42.61 45.23 61.34 58.41
MM-DFN 79.06 75.80 53.02 50.42 0.00 0.00 17.79 2372 59.20 55.48 0.00 0.00 50.43 48.27 60.96 58.72
TS-GCL 78.10 80.60 56.70 56.40 6.80 5.20 42.30 43.70 68.30 66.30 2.30 2.60 43.80 48.50 64.40 64.10
MultiEMO 76.44 79.42 5592 5812 2571 21.18 51.05 41.60 6223 63.07 4571 31.07 55.28 53.37 65.45 65.77
SDT 75.99 79.65 59.21 5878 24.44 23.16 59.22 39.23 6440 6276 40.00 31.86 5227 54.44 66.00 65.92
GraphCFC 71.26 7517 46.18 45.68 9.09 3.28 30.43 11.42 50.26 49.49 0.00 0.00 35.88 41.93 54.34 55.20
RL-EMO 85.59 79.57 58.72 59.03 14.00 16.09 18.27 27.64 60.45 63.53 16.18 20.18 55.36 52.84 65.63 63.47
DEDNet 76.51 79.97 56.77 5890 21.88 17.07 50.38 39.30 64.97 62.63 40.54 2857 53.65 54.49 65.52 65.88
MERC-PLTAF 8290 80.50 59.10 59.10 24.00 26.90 5530 46.40 63.40 77.10 17.60 26.10 50.30 53.90 68.00 52.80
AMB-DSGDN(Ours) 75.16 80.00 58.48 59.30 30.00 17.14 58.18 40.25 6475 64.59 44.44 2526 54.93 54.12 66.07 66.18

of 1024. For the visual modality, DenseNet is employed to extract fea-
tures with a dimension of 342; for the audio modality, OpenSmile is
used to extract features with a dimension of 1582 for the IEMOCAP
dataset or 300 for the MELD dataset. These initial features are pro-
jected to a unified hidden dimension of 512 through a linear layer
for subsequent processing. To ensure training stability and model per-
formance, the batch size is set to 16, the learning rate is 0.000068,
the Adam optimizer is used with a weight decay of 0.00005, and
training is conducted for 100 epochs. The modality dropout mecha-
nism has a base probability g, =0.3 and an execution probability
=0.5.

Dexe
6. Results and analysis

This section systematically evaluates the proposed AMB-DSGDN
model from multiple perspectives, including overall performance, abla-
tion studies, parameter sensitivity, robustness, and computational com-
plexity, to comprehensively analyze its effectiveness and practicality.

6.1. Main results

Tables 2 and 3 show the performance of the proposed model AMB-
DSGDN on the IEMOCAP and MELD datasets, compared with various
baseline models. To ensure experimental fairness, all models use the
same preprocessing and training settings.

On the IEMOCAP dataset, AMB-DSGDN achieved a wa-ACC of
76.09% and a wa-F1 of 75.64%, improving by 1.62% and 1.85% re-
spectively compared to the second-best model DEDNet. Especially on
anger, excitement, and frustration emotions, the model shows signifi-
cant advantages, benefiting from the differential attention graph convo-
lutional network’s ability in fine-grained semantic relation modeling, as
well as the adaptive modality dropout strategy’s effective alleviation of
modality imbalance, enabling the model to better capture key emotional
information in dialogues.

On the MELD dataset, AMB-DSGDN'’s weighted accuracy is 66.07%,
and weighted F1 score is 66.18%, with limited improvements com-
pared to the second-best model. We believe there are multiple factors
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Table 4
Comparison of performance of different modal combina-
tions on IEMOCAP and MELD datasets.

IEMOCAP

3 waFl
3 wa-ACC
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MELD

Modality Setting IEMOCAP MELD

wa-ACC wa-F1 wa-ACC wa-F1
A 62.60 60.70 34.70 37.70
T 69.02 68.63 65.61 65.78
\ 39.80 35.60 23.16 31.27
A+T 73.43 72.87 65.49 65.65
V+T 69.71 69.16 65.77 65.86
A+V+T 76.09 75.64 66.07 66.18

contributing to this. First, as shown in Table 1, MELD’s class distri-
bution is highly imbalanced, with sparse samples for several emotions
(such as disgust, fear), limiting the model’s learning and generalization
on low-frequency categories; Second, MELD is multi-speaker dialogue,
where audio and visual signals are more susceptible to interference from
speaker switching, overlapping speech, facial occlusion, etc., thereby re-
ducing unimodal quality and increasing modality fusion difficulty; Nev-
ertheless, the model still shows obvious advantages on categories like
surprise, demonstrating its adaptability in multi-speaker environments.

Overall, AMB-DSGDN shows significant advantages on [EMOCAP
due to higher modality quality and clearer emotional associations; while
on MELD, influenced by class distribution imbalance and modality qual-
ity fluctuations caused by multi-speakers, overall improvements are lim-
ited, but it still has advantages on categories like surprise, reflecting the
model’s robustness and adaptability.

6.2. Ablation study

To thoroughly validate the effectiveness of key components in the
model, we conduct a series of ablation experiments, focusing on fac-
tors such as modality combinations, window sizes, differential attention
mechanisms, and adaptive modality dropout strategies. By progressively
removing or adjusting these modules and retraining/evaluating on the
IEMOCAP and MELD datasets, we quantify the contributions of each
component and their synergistic effects.

Multimodal combinations: In Table 4, we examine the impact of
different modality combinations on model performance to verify the ef-
fectiveness of multimodal fusion. Specifically, we evaluate performance
under unimodal, bimodal, and full-modal settings and compare across
the two datasets. The results show that in unimodal configurations, the
text modality generally achieves the best performance, reflecting its ad-
vantage in capturing dialogue semantics and contextual information,
followed by the audio modality, likely due to its sensitivity to speech
tone and rhythm. In contrast, the visual modality performs relatively
weakly, possibly because visual cues (such as facial expressions) are
limited by perspectives and dynamic changes in dialogue scenes, lead-
ing to instability in information extraction. Furthermore, in bimodal
settings, the combination of audio and text significantly outperforms
the visual-text combination, indicating that the audio modality better
complements textual information by providing additional acoustic cues
to enhance emotion recognition accuracy. While the visual-text fusion
shows improvements, the gains are limited, suggesting that the visual
modality may introduce noise or redundancy in certain dialogue con-
texts. Ultimately, full-modal integration (i.e., combining audio, visual,
and text) achieves the best performance on both datasets, validating the
importance of multimodal synergy. By leveraging multiple information
sources simultaneously, the model can more comprehensively capture
emotional dynamics, alleviating the limitations of unimodal or bimodal
approaches and thereby improving overall robustness and generaliza-
tion.

Window size settings: To explore the impact of contextual range on
graph convolutional networks in dialogue emotion recognition tasks,

Performance (%)
%,

Performance (%)
s,

Warm-up Epochs Warm.up Epochs
Fig. 3. Experimental results of different window sizes on IEMOCAP and MELD
datasets. The purple line represents wa-ACC, the light yellow bar represents
wa-F1; the left subplot corresponds to IEMOCAP dataset, the right subplot to
MELD dataset. Note: Window size determines the semantic association capture
range of the graph convolutional network and needs to be adjusted based on
dataset characteristics. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

Table 5
Ablation study of semantic graph differential network on IEMOCAP and
MELD datasets.

. IEMOCAP MELD
Variants
wa-F1 wa-ACC wa-F1 wa-ACC
w/o Rel Subgraph + DiffRGCN  68.00 68.82 65.07 65.10
w/o DiffRGCN 73.44 73.56 65.62 64.80
Full Model 75.64  76.09 66.07 66.18

this experiment systematically evaluates the role of different window
sizes on model performance. Fig. 3 shows that on the IEMOCAP dataset,
as window size gradually increases, the model’s weighted average ac-
curacy and F1 values reach optimal performance under medium win-
dow configurations. This indicates that moderate windows can fully
cover semantically related utterances and their contextual dependen-
cies, thereby improving the graph structure’s modeling ability for emo-
tional relationships. Too small windows limit the capture of long-range
dependency information, leading to insufficient semantic information;
too large windows may introduce irrelevant features, accumulating
noise, thereby reducing discriminative ability in attention weight cal-
culation and feature propagation. On the MELD dataset, optimal per-
formance is concentrated in relatively smaller window intervals. Con-
sidering that MELD’s dialogues have more frequent inter-speaker inter-
actions and more complex multi-turn structures, smaller windows can
focus more on local semantics and multimodal information interactions,
while overly large windows easily incorporate irrelevant emotional fea-
tures across speakers, increasing modality inconsistencies and distri-
bution noise. This shows that different datasets’ dialogue structures,
speaker distributions, and emotional interaction patterns significantly
affect the optimal choice of window size, and in practical applications,
this hyperparameter needs to be tuned based on data statistical charac-
teristics.

Semantic graph differential network: To verify the role of
DiffRGCN and relational subgraph components in the overall model,
we designed targeted ablation studies by replacing or removing related
modules while keeping the rest of the structure consistent to analyze
the independent contributions of each component to performance. It
should be noted that the adaptive modality balancing mechanism re-
mains enabled in this group of ablation studies. Specifically, when only
DiffRGCN is removed, we replace the differential relational graph con-
volution with a regular graph convolutional neural network for feature
propagation on the constructed relational subgraphs, with the rest of
the model architecture unchanged; when both relational subgraphs and
DiffRGCN are removed, the model no longer performs graph structure
modeling, but directly connects the adaptive modality balancing mech-
anism and subsequent classification modules after the utterance-level
multimodal encoder. The results in Table 5 show that simultaneously re-
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Fig. 4. Sensitivity analysis results of attention head numbers on IEMOCAP and
MELD datasets. The blue line represents wa-F1 on IEMOCAP dataset, the green
line represents wa-F1 on MELD dataset, horizontal axis “nhead Values” indicates
number of attention heads, vertical axis “wa-F1 Score” indicates corresponding
weighted average F1 score. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

Table 6
Ablation study of modality balancing on IEMOCAP and MELD datasets.
. IEMOCAP MELD
Variants
wa-F1 wa-ACC  wa-F1 wa-ACC

w/0o MD + Rel Subgraph + DiffRGCN  67.83 68.78 64.87 64.80
w/0o MD + DiffRGCN 72.99 73.56 65.56 65.71
w/0 MD 74.77 75.29 66.00 66.05
Full Model 75.64 76.09 66.07 66.18

moving relational subgraphs and DiffRGCN causes significant declines in
weighted F1 and accuracy on IEMOCAP and MELD, verifying the impor-
tance of semantic relation modeling. Further comparison reveals that re-
placing DiffRGCN with GCN alone leads to performance degradation but
still outperforms the variant without graph structures entirely, indicat-
ing that relational subgraphs provide basic semantic associations, while
DiffRGCN utilizes differential attention to characterize fine-grained se-
mantic differences between nodes, effectively filtering redundant infor-
mation and strengthening the representation of multimodal emotional
dependencies. The above results fully prove the key value of the seman-
tic graph differential network in multimodal learning and its positive
impact on model performance and generalization capabilities.

Sensitivity of attention heads: In further sensitivity analysis, we
explored the impact of the number of attention heads in the differential
attention graph convolutional network on model performance to reveal
its role in multimodal feature aggregation. As shown in Fig. 4, on the
IEMOCAP dataset, the model performs best under a small number of
attention heads. This is because a small number of attention heads can
effectively capture semantic diversity while keeping feature representa-
tions compact. Too few heads may lead to insufficient multimodal in-
formation integration, while too many heads may introduce redundant
features or increase training difficulty, thereby reducing model discrimi-
native ability. On the MELD dataset, the model also performs excellently
under low head configurations, with performance slightly declining as
the number of heads increases. Attributed to the multi-speaker dialogue
characteristics of the MELD dataset, the integration difficulty of cross-
modal signals is higher in multi-speaker environments, too many atten-
tion heads may introduce unnecessary noise and information conflicts,
while a streamlined attention mechanism can more concentratedly cap-
ture core semantic associations and emotional dynamics, achieving ef-
ficient information integration.

Adaptive modality balancing: As shown in Table 6, we conducted
ablation analysis on the synergistic effects of the adaptive modality
dropout (MD) strategy and semantic graph components (relational sub-
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Fig. 5. Performance dynamics in the warm-up phase. The horizontal axis repre-
sents the warm-up period (i.e., the number of training rounds before the modal-
ity dropout mechanism is gradually activated), the vertical axis is model perfor-
mance metrics; different color curves correspond to weighted average F1 scores
and accuracies on IEMOCAP and MELD datasets respectively, showing the im-
pact of different warm-up periods on model performance.

graphs and DiffRGCN) by progressively removing core modules. In this
group of experiments, the adaptive modality balancing mechanism is
disabled by default, with the rest of the network structure and experi-
mental settings consistent with the semantic graph differential network
subsection. Specifically, when simultaneously removing the modality
dropout mechanism, relational subgraphs, and DiffRGCN, the model no
longer performs modality regulation or graph structure modeling, but
directly inputs utterance-level multimodal representations into the clas-
sification module; when removing the modality dropout mechanism and
DiffRGCN, the model only retains relational subgraphs for feature ag-
gregation; when only removing the modality dropout mechanism, the
model retains the complete semantic graph structure, but each modal-
ity participates in fusion with fixed weights. The experimental results
show that simultaneously removing all three leads to the maximum de-
cline in weighted F1 and accuracy on IEMOCAP and MELD, indicating
significant complementarity between modality regulation and semantic
relation modeling. Further comparison reveals that the model without
the modality dropout mechanism still experiences performance decline
in multimodal feature fusion, showing that this mechanism can dynam-
ically adjust each modality’s participation, suppressing excessive influ-
ence from dominant modalities, thereby improving emotion recognition
accuracy under noise interference. In summary, the adaptive modality
dropout strategy and semantic graph components have significant com-
plementary effects in multimodal dialogue emotion recognition, syner-
gistically enhancing the model’s ability to capture emotional dynamic
dependencies and robustness to noise interference.

Performance dynamics during warm-up period: To verify the ef-
fectiveness of the adaptive modality dropout strategy, we examined the
impact of the warm-up period (i.e., the number of training rounds before
the modality dropout mechanism is gradually activated) on model per-
formance to reveal its role in model stability and optimization effects in
the early training stage. As shown in Fig. 5, on the [EMOCAP dataset, as
the warm-up period extends, the model’s performance first rises rapidly,
reaching a peak at about 60 training rounds, then remains stable. This
indicates that moderate warm-up can help the model gradually adapt to
modality imbalance issues, reducing noise interference in early training,
thereby improving the capture accuracy of emotional dynamic features.
If the warm-up period is too short, the model may enter the modality
dropout phase prematurely, leading to insufficient learning of internal
representations and cross-modal relationships in each modality’s fea-
tures, resulting in performance fluctuations or unstable convergence.
For the MELD dataset, the model’s initial performance is higher with-
out warm-up, with performance slowly declining as warm-up rounds
increase, and optimal performance appears in shorter warm-up period
configurations. Due to the inherent complexity of multi-speaker dia-
logues, the integration difficulty of cross-modal signals increases accord-
ingly, overly long warm-up periods may cause the model to overly rely
on partial modality features without sufficiently focusing on core emo-
tional cues, thereby introducing redundant information interference.
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Table 7

Sensitivity analysis results of modal discard

probability parameter.
IEMOCAP
Gase  Pexe =03 Pexe =05 poye =07
0.1 74.88 75.62 75.2
0.3 75.37 75.64 75.06
0.5 75.07 74.96 75.12
MELD
Qpase  Pexe =01 P =02 p,, =03
0.1 65.91 65.8 65.78
0.2 65.80 66.18 65.81
0.3 65.87 65.87 65.72

Conversely, shorter warm-up periods can quickly activate the modality
dropout mechanism, enabling the model to more effectively identify and
weaken redundant features, thereby efficiently integrating cross-modal
information, improving training convergence speed, and stabilizing per-
formance.

Dropout probability settings: In the parameter sensitivity analy-
sis of the adaptive modality dropout strategy, we systematically ex-
plored the impact of different combinations of base dropout proba-
bility q base and execution probability p_exe on model performance
through grid search on two datasets to evaluate its optimization effects.
As shown in Table 7, on the IEMOCAP dataset, model performance grad-
ually improves under lower base dropout probability configurations,
reaching a peak under medium base dropout probability (e.g., 0.3) and
medium execution probability (e.g., 0.5) combinations, then stabiliz-
ing. This indicates that moderate dropout can balance noise suppression
and key information retention, too low dropout may lead to noise fea-
tures interfering with fusion results, while too high dropout disrupts
semantic representations and increases training instability. Similarly,
on the MELD dataset, the model has a higher starting performance un-
der lower base dropout probabilities, with optimal configurations con-
centrated in relatively lower base dropout probabilities (e.g., 0.2) and
medium execution probability intervals, closely related to the dataset’s
multi-speaker, rich dialogue content, and diverse emotion character-
istics. Conservative dropout strategies can effectively retain core in-
formation from each modality, reducing interference caused by signal
differences between different speakers, while balancing noise suppres-
sion, making the model more robust in complex and diverse dialogue
environments.

6.3. Handling long-sequence dialogues

This section conducts a dedicated evaluation of the model’s capabil-
ity in long-sequence dialogue scenarios, focusing on its ability to capture
dynamic contextual dependencies. The experiments are based on a long-
dialogue subset of the IEMOCAP dataset, selecting dialogue samples
with 20 to 50 utterances to simulate the complex and evolving temporal
dependencies found in real interactive scenarios. Model performance is
assessed using weighted F1 score and accuracy, and compared against
multiple baseline methods.

The results shown in Fig. 6 indicate that the proposed method signif-
icantly outperforms the baseline models on the long-sequence dialogue
subset, demonstrating its effectiveness in modeling long-range contex-
tual dependencies. Compared with the baselines, our model maintains
stable performance even on longer dialogue sequences, without notice-
able degradation, indicating stronger capability in capturing long-term
dependencies.

Further analysis reveals that this advantage primarily arises from
two design aspects. First, the dynamic cross-modal contribution balanc-
ing mechanism adjusts the participation of different modalities in real
time according to the dialogue progression, preventing a single modal-
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ity from dominating and causing information bias over long sequences.
Second, the differential relation graph modeling explicitly captures fine-
grained differences between nodes, effectively mitigating the common
issue of context forgetting in long-sequence tasks. In the middle stages of
dialogue, baseline methods often exhibit performance fluctuations due
to accumulated noise and modality shifts, whereas the proposed method
maintains stable emotion recognition by adaptively adjusting modality
weights.

In the later stages of dialogue, our method makes more effective
use of accumulated contextual information, suppressing the influence
of early noise on current predictions and reducing error propagation.
This indicates that the model is capable not only of capturing local emo-
tional changes but also of modeling global emotional evolution trends
effectively.

From the perspective of emotional dependency evolution, emotions
in long dialogues exhibit clear non-linear and phased characteristics.
In the early stages, the model primarily relies on local modality fea-
tures for judgment. As the dialogue progresses, emotional interactions
between speakers gradually intensify, and the differential mechanism
captures changes in the positive and negative subspaces. In the later
stages, the model strengthens critical contextual information through
dynamic attention, effectively integrating information across the en-
tire sequence. This process ensures a comprehensive modeling of the
emotional trajectory in the dialogue, further validating the robustness
and adaptability of the proposed method in long-sequence dialogue
tasks.

6.4. Computational overhead increment analysis

To comprehensively evaluate the computational impact of the pro-
posed differential graph convolution network and the adaptive modality
balancing module, we conduct a comparative analysis of the full model
on the IEMOCAP and MELD datasets in terms of inference time, batch
processing time, throughput, and floating-point operations per second
(FLOPs), as reported in Table 8.

For the differential graph convolution network, compared with the
conventional graph attention network, the additional computational
overhead mainly arises from the introduction of the differential atten-
tion mechanism and relation embedding computation. By modeling the
differences among multiple attention distributions, this mechanism ef-
fectively highlights context-relevant dependencies, thereby enhancing
the modeling of intra-speaker emotional continuity and inter-speaker
emotional interactions. As each node is required to compute multi-
ple sets of attention weights and perform differential operations, the
computational complexity increases with the graph size and the num-
ber of edges, resulting in a moderate increase in inference time and
batch processing time, accompanied by a slight decrease in through-
put. Notably, this overhead is primarily confined to attention com-
putations within local subgraphs and does not introduce global high-
order operations, leading to a relatively mild growth in complex-
ity as the dialogue length increases. In long-sequence dialogue sce-
narios, DiffRGCN can still effectively limit the computational scope
through window-based subgraph modeling, thereby maintaining good
scalability.

For the adaptive modality balancing module, its core objective is to
dynamically regulate the relative contributions of different modalities
during multimodal fusion via an adaptive modality dropout strategy, al-
leviating the dominance of a single modality in the decision-making pro-
cess. The module mainly consists of lightweight operations, including
probability estimation, stochastic sampling, and feature scaling, without
introducing additional complex network structures or large-scale matrix
operations, and thus imposes a limited computational burden on the
overall model. In long-sequence scenarios, its computational complex-
ity scales approximately linearly with the sequence length, enabling the
model to maintain stable computational efficiency as dialogue length in-
creases. By dynamically adjusting modality contributions while preserv-
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Fig. 6. Performance comparison of the proposed method with other baseline methods on the long sequence dialogue subset of the IEMOCAP dataset, intuitively

showing the performance advantages of the proposed method in experiments.

Table 8

Computational overhead analysis of Diff RGCN compared to the standard GAT, and of the adaptive modality balancing module.

Inference Time (ms)

Throughput (samples/s)

Batch Time (ms) FLOPs/s (T)

Module Dataset
Baseline A (Change) Baseline A (Change)  Baseline A (Change) Baseline A (Change)

+0.0090 -1693.29 +10.7027 -0.0157

. IEMOCAP  0.0769 (+11.70%) 1316951  (-12.86%) 62.14 (+17.22%)  0.0805 (-19.50%)
DiffRGCN +0.1026 -404.02 +11.4914 -0.00236
MELD 0.4271 (+24.03%)  2384.02 (-16.95%) 60.33 (+19.05%)  0.0500 (-4.72%)
+0.0165 -980.73 +6.52 -0.0082

Adaptive Modality ~ I[EMOCAP  0.0769 (+21.45%)  13169.51  (-7.45%) 62.14 (+10.50%)  0.0805 (-10.19%)
Balancing +0.0190 -137.90 +2.1635 -0.00384
MELD 0.4271 (+4.45%) 2384.02 (-5.79%) 60.33 (+3.59%) 0.0500 (-7.68%)

ing computational efficiency, this module further enhances the model’s
generalization ability and robustness in complex conversational envi-
ronments.

6.5. Robustness analysis of multimodal noise:

To evaluate the model’s stability and generalization ability under
complex noisy conditions, we conducted full-modality noise interfer-
ence experiments on the IEMOCAP and MELD datasets. During testing,
Gaussian noise of varying intensities was injected into the textual, vi-
sual, and audio features, with the amplitude normalized by the overall
feature standard deviation to simulate perception errors, environmental
disturbances, and modality quality fluctuations. The experiments cov-
ered multiple levels, from a noise-free baseline to high-intensity noise
(0.1-0.7), and used weighted accuracy and weighted average F1-score
as evaluation metrics.

As shown in Fig. 7, model performance declined smoothly rather
than fluctuating sharply with increasing noise intensity, indicating
strong robustness. On IEMOCAP, when full-modality noise reached 0.3,
weighted accuracy and average F1-score only slightly decreased com-
pared to the baseline, and even at 0.7 noise, the performance degrada-
tion remained controlled. On MELD, even under noise levels of 0.5-0.7,
weighted accuracy and average F1-score remained around 65%, slightly
lower than the baseline, demonstrating good noise resistance.

Further analysis indicates that DiffGCN consistently captures dy-
namic emotional dependencies both across modalities and within/be-
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Fig. 7. Full-modality noise robustness test results of the model on the IEMOCAP
and MELD datasets. Each cell in the figure shows the model’s wa-ACC and wa-F1
under different noise intensities. The noise intensity ranges from O to 0.7, repre-
senting the standard deviation multiples of Gaussian noise added to the textual,
visual, and audio features during testing. The color encoding indicates perfor-
mance levels, with darker colors representing higher performance; the color bar
on the right provides a reference for the corresponding percentage values. This
heatmap intuitively illustrates the model’s stability and performance variations
under different noise conditions. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

tween speakers. Its differential attention mechanism effectively reduces
redundant inter-modality interference, preserving discriminative capa-
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Table 9
Model parameters and runtime comparison.

Method Params (M) IEMOCAP Runtime (s) MELD Runtime (s)
DialogueGCN 12.92 58.1 127.5

RGAT 15.28 68.5 146.3

LR-GCN 15.77 87.7 142.3

MMGCN 0.46 93.7 75.3

DER-GCN 78.59 125.5 189.7
AMB-DSGDN (ours) 13.13 179.95 146.4

bility under noisy conditions. Meanwhile, the adaptive modality balanc-
ing mechanism dynamically adjusts modality weights under high-noise
conditions, preventing dominant modalities from overwhelming the fu-
sion process while retaining useful information from minor modalities,
thus maintaining consistency and reliability of the model outputs under
full-modality noise.

6.6. Complexity analysis

Table 9 summarizes the experimental results of the compared mod-
els in terms of parameter count and runtime. From the experimental
data, although our model has a parameter scale similar to some graph
convolutional models, its inference time is slightly higher, which is di-
rectly related to the introduction of the differential relational graph
convolutional network and the adaptive modality balancing module.
Experimental analysis shows that the differential relational graph con-
volutional network performs multiple attention computations and in-
tegrates relational embeddings for each node, enhancing the ability to
capture dependencies both within and across speakers, but it also brings
additional computational overhead. The adaptive modality balancing
module dynamically adjusts the contribution of each modality in each
batch, ensuring that weak modality information is effectively utilized;
experiments show that its additional impact on overall inference time
is relatively limited. Although there is some increase in computational
cost, compared to the performance improvement, this overhead remains
within an acceptable range. The experimental results indicate that the
model achieves a good balance between high accuracy, computational
complexity, and multimodal information fusion.

6.7. Adaptive modality balancing under extreme imbalance

Based on the single-modality performance differences in Table 4, we
conducted extreme modal imbalance experiments on the IEMOCAP and
MELD datasets, setting the fusion weights for text, visual, and audio
modalities to 0.8, 0.1, and 0.1, respectively. Results in Fig. 8 show that,
despite the dominance of the text modality, the model maintains high
overall accuracy and weighted F1 scores. Further analysis of the confu-
sion matrices indicates that the visual and audio modalities still make
significant contributions in recognizing key emotions such as “anger”
and “excited,” effectively mitigating misclassifications caused by text
modality bias. This demonstrates that the model can adaptively regu-
late the information flow based on the relative effectiveness of each
modality, preventing the dominant modality from overwhelming the fu-
sion result. Combined with the differential graph attention mechanism,
this regulation also suppresses shared noise, ensuring a more balanced
contribution from each modality at different stages. Overall, the ex-
periments validate the effectiveness of the adaptive modality balancing
mechanism in enhancing model robustness and sensitivity to dynamic
multimodal emotional variations under extreme modal imbalance.

7. Conclusion

In this study, we propose AMB-DSGDN for multimodal conversation
emotion recognition. The model effectively mitigates modality contri-
bution imbalances through an adaptive modality dropout mechanism
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Fig. 8. This figure presents the emotion recognition confusion matrices for the
IEMOCAP (left) and MELD (right) datasets under the extreme modality imbal-
ance experiment: the left matrix corresponds to the 6 emotion categories of
IEMOCAP, while the right one corresponds to the 7 emotion categories of MELD.
The "True" axis represents the ground-truth emotion labels, and the "Predicted"
axis represents the model’s predicted labels; the values inside the cells indicate
the number of samples for the corresponding category. The dark-colored blocks
along the matrix diagonal reflect the high recognition accuracy for most emo-
tions, while the light-colored blocks off the diagonal reflect the misclassification
between different emotions.

based on real-time performance evaluation. Meanwhile, it indepen-
dently constructs inter-speaker and intra-speaker relational subgraphs
for each modality and incorporates a DiffRGCN, which captures the dy-
namic evolution of emotional dependencies via positive-negative sub-
space projections and differential attention operations. Experimental re-
sults demonstrate that AMB-DSGDN significantly outperforms existing
baseline methods on the IEMOCAP and MELD datasets, achieving stable
improvements in overall performance and specific emotion categories.

However, due to the computational complexity and overhead intro-
duced by graph-structured modeling, the inference efficiency of the pro-
posed model remains limited when processing extremely long dialogue
sequences and operating in resource-constrained environments. In par-
ticular, for deployment on edge devices, challenges such as model size,
the computational cost of graph attention mechanisms, and the real-
time processing of multimodal features need to be carefully addressed.
Future work will focus on improving computational efficiency by ex-
ploring lightweight graph attention designs, subgraph pruning, and pa-
rameter sharing strategies, as well as investigating model compression,
knowledge distillation, and hardware-aware acceleration techniques to
enhance real-time inference performance on edge devices. These efforts
are expected to further improve the applicability of the proposed frame-
work in real-time human-machine interaction and emotion analysis sce-
narios.
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