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Abstract—Affective computing constitutes a crucial branch
of Natural Language Processing (NLP). Multimodal Emotion
Recognition in Conversation (MERC) has emerged as a promi-
nent task in multimodal emotion computing. It aims to process
and fuse information from heterogeneous modalities (visual,
acoustic, textual) to accurately recognize speakers’ emotional
states in conversations. Despite extensive research in emotion
recognition, challenges persist. First, multimodal methods often
employ simplistic single-step alignment and fixed-weight fusion
strategies, inadequately addressing heterogeneity and failing to
capture comprehensive cross-modal interactions. Second, con-
versational emotion recognition requires modeling complex con-
textual dependencies, as emotions evolve dynamically through-
out dialogues. Third, benchmark datasets exhibit severe class
imbalance with long-tail distributions, where minority emotion
categories are underrepresented. To address these challenges, this
paper proposes a novel Progressive Attention-Based Modality
Fusion in Directed Acyclic Graphs (ProgAttn-DAG) framework
for multimodal conversational emotion recognition. The frame-
work integrates a progressive attention mechanism (ProgAttn)
that hierarchically fuses text, audio, and visual modalities to ad-
dress heterogeneity, multi-layer directed acyclic graph networks
to explicitly model contextual dependencies, and curriculum
learning strategies to optimize sample-difficulty-based training
and mitigate data imbalance. Extensive experiments on two
benchmark datasets demonstrate the effectiveness of ProgAttn-
DAG, particularly in addressing data imbalance issues.

Index Terms—Multimodal Emotion Recognition, Multimodal
Fusion, Graph Neural Networks, Directed Acyclic Graph, Cur-
riculum Learning

I. INTRODUCTION

In psychology, emotion is defined as a multidimensional
manifestation of human cognitive mechanisms [1], involving
dynamic interactions between physiological arousal and cogni-
tive assessment [2]. These interactions shape subjective emo-
tional experiences, trigger cognitive processing, and regulate
the autonomic nervous system, supporting adaptive behavioral
responses. Therefore, affective computing plays a crucial role
in developing artificial intelligence systems capable of emo-
tional understanding and commonsense reasoning.

With the rise of social media, Multimodal Emotion Recog-
nition in Conversation (MERC) has become a key research
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focus. Its applications include social media opinion min-
ing, mental health diagnostics, intelligent customer service,
and enhanced human-computer interaction. Despite significant
progress, Emotion Recognition in Conversation (ERC) still
faces several critical challenges.

First, most existing approaches rely solely on textual modal-
ity, limiting the ability to capture the diversity and complexity
of emotional expressions. As shown in Fig. 1, the utterance
”See? It’s not a big deal.” may be misclassified as neutral using
only text, while visual cues (frowning, sighing, and downward
mouth movements) reveal the true emotional state.

Audio Visual Textual Visual Audio
1just wish you could just say, I don't
like your massages.” I ‘” Il M ‘
[Neutral]
‘WH“W ‘ HM“HHW HH‘HH”‘ - 1 don't like your msssnges [Trembling Voice]
o
. -\
[Trembling Voice] See? It's not a big deal.
Neutrall HH | Mmm\‘ Hh“
Okay, but now see you're crying!
win ] m ) H\M I [Sadness] [Depressed Tone]
. My boyfriend said he didn't like my
[Anxious Tone] massages.
[Sadness]
(o
It's okay, you don't have to be the
H‘ ‘ ‘\ H‘ ” best at everything.
[NCIEE) [Sobbing Voice]
[Soft Voice]
Chandler Monica
Fig. 1. Illustration of a multimodal conversation in the MELD dataset.

Second, even multimodal methods often employ simplistic
single-step alignment and fixed-weight fusion strategies, which
inadequately address modality heterogeneity. Additionally,
data imbalance with long-tail effects persists in standard ERC
benchmark datasets, where common emotion categories (e.g.,
anger, happiness, sadness) dominate, while minority categories
(e.g., surprise, disgust) are severely underrepresented. To ad-
dress these challenges, we propose ProgAttn-DAG, a novel
multimodal fusion framework based on progressive attention
mechanisms and directed acyclic graph (DAG) modeling for
conversational emotion recognition.

To summarize, the main contributions of this paper can be
summarized as follows:

e We propose ProgAttn-DAG, a novel framework that



integrates text, audio, and visual modalities through a
progressive attention mechanism, effectively addressing
modality heterogeneity and capturing fine-grained cross-
modal interactions.

o We employ Directed Acyclic Graph (DAG) modeling to
represent dependency relationships among modalities and
utterances, enabling comprehensive multimodal fusion
and contextual modeling.

o We utilize curriculum learning strategies to optimize
sample-difficulty-based training and mitigate data imbal-
ance.

o Extensive experiments on two benchmark datasets
demonstrate the effectiveness of ProgAttn-DAG, par-
ticularly in improving recognition of minority emotion
categories and addressing data imbalance issues.

II. RELATED WORK

In this section, we categorize existing approaches accord-
ing to the input data modalities and systematically review
unimodal emotion recognition methods, multimodal emotion
recognition frameworks, and Curriculum Learning strategies.

A. Unimodal Emotion Recognition

Unimodal emotion recognition uses a single modality for
affect analysis, with NLP mainly relying on text. Sequence-
based methods include DialogueRNN [3]. To overcome se-
quence model limitations, graph methods emerged. Dia-
logueGCN [4] models contextual dependencies; ConGCN [5]
applies structure-constrained graph convolution; DAG-ERC
[6] combines graph neural networks with recursive architec-
tures.

B. Multimodal Emotion Recognition

Emotions conveyed in human conversations represent com-
plex and elusive dynamic psychological phenomena. There-
fore, the integration of multiple modalities plays a pivotal
role in enhancing the accuracy of emotion recognition among
participants in conversations. For modality fusion, COGMEN
[7] and MMGCN [8] advanced fusion with graph neural
networks and transformers. These studies show multimodal
emotion recognition outperforms unimodal methods, yet most
work focuses on architectural optimization while overlooking
modality heterogeneity and data imbalance. Recent bench-
marking further analyzes modality-level emotion conflicts and
proposes protocols to evaluate and bridge them, complement-
ing our fusion and curriculum strategies [9].

C. Curriculum Learning

Curriculum learning (CL) was introduced by Bengio et
al. [10] as a training strategy that mimics human learning
by progressively adjusting sample difficulty. Mao et al. [11]
integrated emotional transition frequency difficulty meters and
training schedulers to improve model discrimination.

III. METHODOLOGY
A. Problem Formulation

Given M dialogue sequences C = {c1,¢a,...,cpr}, €ach
dialogue ¢; contains utterances ¢; = {u1,ua, ..., u,}, where
n is the number of utterances. Each utterance (unique speaker
in multi-party settings) occurs in a time interval and has
visual (u?), textual (ul), and acoustic (ul) features: u; =
{u?, ut, u}. The objective is to predict for each u; an emotion
label e € & = {ey,...,e,} without prior knowledge of
speaker identities or number of participants.

B. Progressive Attention-Based Modality Fusion in Directed
Acyclic Graphs

The architecture of our proposed ProgAttn-DAG model is
illustrated in Fig. 2. In the following sections, we mainly
present a detailed description of four key components that
constitute our framework: Multimodal Feature Representation
Learning, Multimodal Fusion, Multi-layer DAG Networks, and
CL Strategies.

C. Multimodal Feature Representation Learning

In this section, we extract features for each modality through
feature extraction, modality encoding, and contextual model-
ing. After optimizing individual modality representations, we
perform multimodal fusion in Section 3.4 for comprehensive
integration.

Visual Modality: For visual feature representation learn-
ing, we adopt ResNet101 [12] (among common pre-trained
DenseNet [13] and 3D-CNN [14]) for its performance, training
speed, and deployment efficiency. To mitigate background
noise, we apply the multi-task MTCNN for efficient face re-
gion extraction, reducing irrelevant interference and improving
recognition accuracy [15]. Using P-Net to propose candidate
face boxes, R-Net to refine and eliminate overlaps, and O-
Net to locate key landmarks for transformation parameters, we
obtain the final aligned face region. Specifically, MTCNN de-
tects faces in each video frame, and ResNet101 extracts 1000-
dimensional features, which are refined by DialogueRNN
to obtain 256-dimensional contextual visual representations,
denoted as y;'.

Textual Modality: For textual feature representation learn-
ing, we adopt the One-stage paradigm [16] for efficiency.
The framework models contextual information using three seg-
ments [17]: the historical context {u},u}, ..., ul_;}, the target
utterance uﬁ, and the subsequent context {uﬁ FETRE ,utb}.
These segments are concatenated with [SEP] tokens and
processed through a pre-trained RoBERTa [18] model and
fully connected layers to generate 768-dimensional textual
representations, which are further refined by DialogueRNN
to obtain 256-dimensional contextual embeddings, denoted as
Y-

Audio Modality: For audio feature representation learn-
ing, we employ the open-source OpenSMILE toolkit [19] to
extract 6,373-dimensional acoustic feature vectors from each
utterance. These high-dimensional features are compressed to
512 dimensions via fully connected layers, and further refined
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Fig. 2. An overview of our proposed framework ProgAttn-DAG.

by DialogueRNN for temporal contextual modeling, resulting
in 256-dimensional contextual audio representations, denoted
as y3.

D. Multimodal Fusion

Inspired by the progressive attention mechanism [20] and
the bidirectional multi-head cross-attention in MultiEMO [21],
we propose an enhanced progressive attention-based multi-
modal fusion network (ProgAttn).

Each modality layer has three steps: visual features (Query)
attend to text, the fused result attends to audio, then a
feed-forward network refines it, reducing computation and
inter-modal interference. Given the textual features y'® =
[yt,...,yL]" and audio features y® = [yf,...,y%]T, the
visual feature Queries from layer [ — 1 are represented as
Fv(l—l) _ [fiu(l—l)’ o f71£<l71>]T.

In the first stage of ProgAttn, visual features from layer
(I —1) serve as Query, and textual features as Key and Value
in a multi-head attention architecture. After projecting features
to Q, K, and V, we apply scaled dot-product cross-modal at-
tention and concatenate the heads. The result is integrated with
the original visual features via residual connection and layer
normalization to obtain F**"’. The computation is formulated
as follows in (1)—(4):
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QT Ky VT = [P Wyt (1)
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F* = LayerNorm(F*"™ " + M H") (4)

ut(l) 'vt(l) vt(l)
where W& WV, and WO are learn-

able projection matrices for the h-th attention head; H is the
number of attention heads; and Concat(-) denotes concatena-
tion.

In the second stage, the text-enhanced visual features serve
as the new Q, and audio features as K and V. A similar
multi-head attention process is applied to obtain the final
representation F*@" | which is the output of ProgAttn®ta.
The computation is formulated as follows in (5)—(8):
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'uta(l) 'Uta(l) vta“)
where W, WK™ WY

learnable projection matrices.

Finally, two feed-forward neural networks are applied to
perform non-linear transformations on the cross-modal multi-
head attention outputs, enhancing the model’s representational
capacity. FV constitutes the visual feature representation at
layer [, formulated as follows in (9)-(11):

'uta(l)
, and W©° denote

O]

FEN? = max(0, Fre " wrrN” 4 pr ey

€))

FFNY = RN wFFNSY P FNSY ()



FV" = LayerNorm(F***" + FFNY") (11)
FFN'® FFNYO .

where b 1 and b 2~ are bias terms.

Through stacking T layers of ProgAttn, feature fusion is
progressively deepened. Each layer’s output serves as the
Query for the next, enabling progressive feature enhancement.
After multi-layer attention, the visual, textual, and audio
representations are concatenated to form a multimodal feature
vector for each utterance, which is then input to the graph
neural network.

Therefore, for an utterance wu;, its corresponding multimodal
feature vector can be represented as:

FVTA(Z) _ Fv(l) @FT(Z) EBFA(U (12)

where & denotes vector concatenation operation, and

FYTAY gerves as the input to the subsequent DAG network,

providing the foundation for fine-grained inter-modal interac-
tion.

E. Multi-layer DAG Networks

Directed Acyclic Graphs (DAGs) with directionality and
acyclicity suit conversational emotion settings with unpre-
dictable future utterances. Inspired by DAGNN [22], we
implement a DAG-based network that models multimodal in-
teraction paths while removing computational redundancy and
cyclic dependencies. Nodes denote utterances; directed edges
carry information from historical nodes to the current node.
Each layer performs cross-modal information aggregation and
gated feature updating.

Cross-modal Information Aggregation: We employ a
dynamic attention mechanism to aggregate contextual in-
formation from historical nodes, adaptively adjusting inter-
modal interaction weights. When visual and acoustic signals
contradict textual content, the attention mechanism suppresses
noisy modalities. The attention coefficient is calculated as:

oz%TA(l) = Softmax (W(ZX[FJVTAU) HFiVTAu_U]) ‘jeNyTA
" (13)
where F]-VTA”) represents the hidden state of candidate
nodes in the neighborhood, and FiVTA(lfl) denotes the hidden
state of the current node from the previous layer.
Gated Feature Updating: Neighborhood information ag-
gregation is achieved by computing the weighted sum of

adjacent node features:

) )
MYTAT = N AWl

VTAW®
Sij Fj
jeNiVTA

(14)

where s;; is the edge attribute, s;; = 1 for same-speaker
. )
utterances, s;; = 0 for different speakers. The output MY 74"
captures contextually integrated information from neighboring
nodes.

For gated feature updating, we use a GRU-based unit that
processes the previous hidden state and aggregated neigh-
borhood information to update node features, refining local
information. The computation is formulated as:

EYTAY = GRUL(FYTAY YA )

where FiVTA(l) denotes the updated hidden state. Subse-
quently, contextual information updating is performed through:
CYTAY = GRUYL, (MY ™A FYTACT) 16

This bidirectional interaction is achieved by inverting the
GRU sequence, modeling historical context influence on the
current node. Finally, the comprehensive multimodal repre-
sentation is obtained by integrating information from multiple
graph layers:

L
VTAW® AVTAWD vTA®
F; = @(Fz + C; )

=0

a7

F. Emotion Classification

The final output £Y7A" from the DAG network is pro-
jected by a two-layer Feed-Forward Network (FFN) to logits
and then to probabilities and labels:

Z; =Wy -ReLUW, - FYTAY b)) +by,  (18)
P(e|u;) = Softmax(Z;) (19
é; = argmax P(e|u;) (20)

where Wy, Ws, by, by are learnable parameters, é; is the final
predicted emotion label for utterance wu,;.

G. CL Strategies

Curriculum learning comprises two components: the Diffi-
culty Measure Function (DMF) and the Training Scheduler.
The DMF quantifies dialogue complexity based on emotional
transition frequency, defined as a shift in emotional expres-
sion by the same speaker across consecutive utterances. The
formula is:

Nshift(ci) + Nsp(ci)

DMF(c;) = Ny (ci) + Nap(cy)

2L

where Ngp;fi(c;) denotes the number of emotional tran-
sitions in dialogue ¢;, N,(c;) represents the total number
of utterances, and NN,,(c;) indicates the number of speakers
(serving as a smoothing factor to mitigate bias in short
dialogues).

Dialogues are sorted by DMF and split into k difficulty
buckets; training starts with D; and at fixed intervals adds
(D2, D3, ...) until all are merged for joint optimization. This
curriculum yields phased difficulty growth, improving learning
efficiency and alleviating data imbalance.



H. Training Objectives

We optimize the proposed framework by minimizing three
complementary loss functions. The total loss is:

L= Aceﬁce + Asu;fc£511)fc + )\hgrﬁhgr (22)
where Ace, Agwre, and Apg, are scalar weighting hyperpa-
rameters.
Cross-entropy (CE) loss (L..) [23] measures the discrep-
ancy between predicted and true emotion labels:

N C
(23)
=1

1
»Cce = _N Z Z Yic 1Og(pi,c)

7 c=1

where N is batch size, C' is the number of emotion classes,
Yic € {0,1} is the one-hot ground-truth indicator for sample 4
and class ¢, and p; . = P(e = c|u;) is the predicted softmax
probability.

To address class imbalance, we use sample-weighted focal
contrastive (SWFC) loss [24] (Lswfe):

exp(s; ;/T) .
Gij = : , 1€ (24)
T Y kes exp(sin/T)
4 = Z %j (25)
JEP;

|
Lowge = =57 >_will = ¢f) " log(q;) (26)

i=1

where s; ; is the similarity between embeddings z; and z;; 7
is the temperature; J; = {k | k # i} is the non-anchor index
set; P, = {j € J; | y; = y;} is the positive set (negatives
N; = Ji \ Pi); qi,; is the normalized contrastive probability;
q;" is the aggregated positive probability; w; is a (class/sample)
weight; v is the focal focusing factor.

To enhance cross-modal feature correlation, we employ
Soft-HGR loss [25] (Lpgr). Let M be the modality set and
Pmoda = {(m,n) | m < n, m,n € M}. For each sample 4
and modality m, raw features hgm) are projected to a shared
d-dimensional space and centered. The Soft-HGR term is:

N
m m 1 m
g™ = n! )—NZhﬁ,) (27)
r=1
1 m n
Lngr = " Pood| Z (EZ[(gz( )Tg™)
mo (m,n)EPmod (28)

1T (2<m>2<”>)).

where X0 = Ei[(g" — Eilg{™ (g™ — Eilg/™)T]:
E;[-] denotes the empirical batch expectation. Minimizing
Lhgr maximizes cross-modal correlation while discouraging
redundant second-order structure.

TABLE I
DATASET STATISTICS

Dataset Convs. Utts. Avg.

Train Val Test Train Val Test utt.
IEMOCAP 120 31 31 5810 1623 1623 66.8
MELD 1038 114 280 9989 1109 2610 9.57

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

We validate the performance of the ProgAttn-DAG model
on two benchmark datasets widely used for emotion recogni-
tion. The data distribution of these datasets is shown in Table I.

IEMOCAP [26] is an approximately 12-hour multimodal
dataset of dyadic dialogues among 10 speakers (pairs) with
six emotions: happiness, sadness, neutral, anger, excitement,
frustration.

MELD [27] is a multimodal multi-party dialogue dataset
from the TV series “Friends,” with 13,709 video clips and
speakers; each utterance is annotated with one of seven emo-
tions: neutral, surprise, fear, sadness, joy, disgust, angry.

Evaluation Metrics: This study employs overall recogni-
tion accuracy (Acc) and weighted F1-score (W-F1) as standard
evaluation metrics to assess the emotional recognition perfor-
mance of the model. These quantitative indicators comprehen-
sively reflect the model’s effectiveness in multi-class emotion
recognition tasks.

B. Baselines

o Sequence-based Methods, DialogueRNN [3], MMDFN
[28], MVN [29];

o Graph-based Methods, DialogueGCN [4], MMGCN
[8], GraphMFT [30], DAG-ERC [6], MultiDAG+CL [31].

C. Implementation Details

Hyperparameter optimization is performed separately for
each dataset using hold-out validation with dedicated valida-
tion sets. For IEMOCAP, we use a batch size of 32, learning
rate 4.5e-5, weight decay le-4, 8 layers of 512 dimensions,
8 attention heads, and loss weights of 0.45 (SWFC), 0.35
(HGR), and 0.2 (CE), with 15 curriculum steps. For MELD,
the network architecture remains the same, with learning rate
Se-6, weight decay le-3, dropout 0.45, loss weights 0.55
(SWFC), 0.15 (HGR), and 0.3 (CE), and 20 curriculum steps.

V. RESULTS AND ANALYSIS
A. Comparison with Baseline Models

Table II compares ProgAttn-DAG with baseline models
on IEMOCAP and MELD. The experimental results demon-
strate that ProgAttn-DAG achieves superior weighted F1-score
and accuracy. Compared with MultiDAG+CL on IEMOCAP,
ProgAttn-DAG improves weighted Fl-score and accuracy
by 1.96% and 1.75%, respectively. On the MELD dataset,
relative to the MVN model, our model achieves a 20.11%



TABLE II
PERFORMANCE COMPARISON OF PROGATTN-DAG AND BASELINE MODELS ON IEMOCAP AND MELD DATASETS. M™* RESULTS REFER TO THE
EXPERIMENTAL RESULTS RETRAINED ON THE 3090 SERVER BY US, WHILE OTHERS ARE FROM THE ORIGINAL PAPERS. BOLD FONT DENOTES THE
HIGHEST PERFORMANCE.

IEMOCAP MELD
Model Emotion Categories (F1) Overall Emotion Categories (F1) Overall
Happy Sad Neutral Angry Excited Frustrated Acc.(%) W-F1 Neutral Surprise Fear Sadness Joy Disgust Angry Acc.(%) W-F1
DialogueRNN* 33.19 80.78 5636 61.64 71.27 58.43 62.54 6178 7556  48.03 0.00 2648 52.68 0.00 4511 5923 57.72
DialogueGCN* 31.58 7440 4993 60.59 64.89 60.96 59.03 5846 7676 2565 0.00 529 4336 0.00 37.76 5571 5179
MMGCN 4234 78.67 61.73 69.00 74.33 62.32 — 6622 — — — — — — — — 58.65
MMDFN 4222 7898 6642 69.77 7556 66.33 68.21 68.18 77.76  50.69 — 2293 5478 — 47.82 6249 59.46
GraphMFT 4599 83.12 63.08 7030 76.92 63.84 6790 68.07 — — — — — — — 61.30 58.37
DAG-ERC — — — — — — — 68.03 — — — — — — — — 63.65
MVN 55.75 7330 61.88 6596 69.50 64.21 6532 6544 76.65 53.18 11.70 21.82 53.62 21.86 4255 6129 59.03
MultiDAG+CL* 68.17 69.06 69.32 82.11 4348 69.68 68.68 68.69 77.36 5848 26.15 37.67 6121 2887 4945 64.18 63.74
ProgAttn-DAG (Ours)* 63.06 80.85 70.08 66.50 76.22 64.99 7043 70.65 7883 5825 2791 4193 63.73 3243 5091 66.13 6547
TABLE III Ablation Model Complete Model
ABLATION STUDY OF PROGATTN-DAG COMPONENTS. Y o "
s 2 §
IEMOCAP MELD £
Method o w
Acc.(%) W-F1 Acc.(%) W-F1 < “
- 40
T+A 64.63 64.89 65.95 65.15 - ©SNE Dimension 1 ! [ ° trSNEDllfnens\onl * 1 °
o Newal(6D o Sadness(47) o Suprise(1s8) - Disgust(150) o Newrol 1621+ Sadness (147 Surprie 159 Osgust 1501
T+V 64.57 60.86 64.10 63.72 Ty o ety rerasy oy 148+ Anger 149 rear153)
w/o ProgAttn 69.13 69.22 65.59 64.67
w/o DAG 69.01 69.35 65.06 64.78 Fig. 3. Visualization of model’s outputs using t-SNE with and without
w/o CL 6938  69.58 6575  65.13 ProgAttn.
Ours 70.43 70.65 66.13 65.47

improvement in the Fl-score for recognizing the minority
emotion category Sadness. By leveraging ProgAttn to model
conversational context and curriculum learning to address data
imbalance, ProgAttn-DAG enables effective cross-modal inter-
action, fine-grained feature fusion, and improved recognition
of minority and semantically similar emotion categories.

B. Ablation Study

To further evaluate the effectiveness of the proposed
ProgAttn-DAG framework, we conduct ablation experiments
on the IEMOCAP and MELD datasets by removing one
module at a time. The results are summarized in Table III.

Effect of Different Modalities: The ablation results demon-
strate that multimodal inputs outperform unimodal inputs sig-
nificantly. It underscores the importance of multimodal fusion
in capturing complementary information across modalities.

Effect of Progressive Attention Mechanism: To qualita-
tively analyze ProgAttn’s effectiveness, we visualized feature
distributions using t-SNE [32] on the MELD dataset. As shown
in Fig. 3, without ProgAttn, the feature representations exhibit
confusion and overlap across different emotion categories. The
ablation model (left panel) shows that emotional features are
widely dispersed with poor class separation, indicating that
the baseline fusion strategy fails to capture discriminative
multimodal patterns effectively. With ProgAttn, the feature
distribution demonstrates remarkable improvement in cluster-
ing quality and class separability. The complete model (right

panel) shows that emotional categories form distinct, well-
separated clusters with significantly reduced inter-class over-
lap, indicating that ProgAttn successfully captures comple-
mentary information across text, audio, and visual modalities.

Effect of Multi-layer DAG Networks: The multi-layer
DAG networks explicitly model dependencies between ut-
terances and modalities, facilitating fine-grained contextual
modeling. As shown in Table III, removing DAG leads to
lower accuracy (down 1.42% on IEMOCAP and 1.07% on
MELD), demonstrating the effectiveness of DAG-based con-
textual modeling.

Effect of Curriculum Learning: CL facilitates sample-
difficulty-based training optimization. Ablation results show
that removing CL degrades model accuracy on minority emo-
tions, validating effectiveness in addressing data imbalance.

VI. CONCLUSION

This paper presents ProgAttn-DAG, a framework for mul-
timodal conversational emotion recognition that hierarchically
integrates text, audio, and visual modalities, addressing modal-
ity heterogeneity and enhancing cross-modal representations.
ProgAttn provides fine-grained adaptive fusion, multi-layer
DAG networks model utterance-modality dependencies, and
Curriculum Learning (CL) progressively adjusts sample diffi-
culty to mitigate data imbalance and improve minority emo-
tion recognition. Experiments on benchmark datasets show
superior performance over existing methods, validating its
attention-based fusion, DAG modeling, and CL strategies.
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