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Abstract

Multimodal emotion recognition in conversation (MERC) can
leverage multimodal and contextual cues to boost recogni-
tion performance. However, existing fusion approaches in
MERC often ignore modality-specific uncertainty across utter-
ances caused by conflicting cues, varying noise, and missing
modality-specific signals. We propose EmoEUS, an explicit un-
certainty supervision framework for MERC. EmoEUS performs
uncertainty-aware multimodal fusion by dynamically weighting
modalities using learned variance estimates. We also introduce
an explicitly supervised loss that aligns each utterance’s pre-
dicted variance with the distance between the utterance’s distri-
butional representation and its emotion- and modality-specific
cluster center. Experiments on IEMOCAP and MELD show
that EmoEUS consistently outperforms state-of-the-art meth-
ods.

Index Terms: Explicit Uncertainty Supervision, Emotion
Recognition in Conversation, Multimodal Fusion

1. Introduction

Multimodal emotion recognition in conversation (MERC) is
important for applications such as human-computer interaction,
intelligent medical care, and affective computing [1]. MERC
analyzes dialogue turns from multiple modalities (e.g., text, au-
dio, and visual) and assigns one emotion label per utterance
[1,2]. Prior work focuses on integrating multimodal informa-
tion, modeling cross-modal interactions, and improving contex-
tual feature representations [3-5].

Current MERC  approaches predominantly adopt
Transformer-based  architectures to model multimodal
conversational contexts [6,7]. By jointly modeling multimodal
input sequences, these methods effectively capture long-range
contextual dependencies and cross-modal interactions, produc-
ing powerful fused representations for emotion recognition [2].
Recent studies further enhance these architectures through
improved distillation mechanisms, graph-based modeling, or
modality-specific encoders to better capture contextual cues
and speaker dependencies in conversations [8—10]. Despite
the advances in representation learning [11, 12], multimodal
conversational data inherently exhibits significant uncertainty,
which remains insufficiently addressed by existing fusion
models [13-16]. While uncertainty modeling has been widely
studied in multimodal learning to assess input reliability and
improve model robustness [17-20], its exploration in MERC is
still limited. Most existing MERC methods implicitly assume
all modalities are uniformly reliable across every utterance,
overlooking the substantial variations in their quality and infor-
mativeness [15]. In practice, modality quality and emotional
contribution vary substantially due to noise, missing cues, or

conflicting signals, making uniform fusion suboptimal [16].

Although recent works have found the importance of intro-
ducing modality-specific uncertainty for MERC [21, 22], they
typically model uncertainty implicitly through classification
loss alone, lacking explicit supervision to dynamically leverage
the emotional information of each modality for adaptive fusion.
To address these limitations, we propose explicit uncertainty
supervision for multimodal emotion recognition in conversa-
tion (EmoEUS). EmoEUS transforms point-wise features into
distributional representations with variance via a context-level
distribution estimator module (ContextDEM) and an explic-
itly supervised loss (ESL), and it performs fusion through
an uncertainty-aware multimodal fusion (UAMF) mechanism.
This design quantifies modality reliability and enables adaptive
multimodal fusion under uncertain conversational contexts. Our
main contributions are as follows:

* We propose a context-level distribution estimator module
(ContextDEM) that models utterance-level uncertainty by
transforming multimodal features into distributional repre-
sentations with means and variances.

* We introduce an uncertainty-aware multimodal fusion
(UAMF) mechanism that dynamically adjusts modality con-
tributions according to their estimated uncertainty.

* We design an explicitly supervised loss (ESL) based on distri-
butional cluster centers and 2-Wasserstein distance to provide
explicit supervision for uncertainty estimation.

2. Methodology
2.1. Task Definition

Consider a dialogue consisting of k temporally ordered utter-
ances, denoted as i = {u;}%_,, where individual utterances
have corresponding emotion labels {y; }¥_; and speaker labels
{s:}¥%_,. The emotion label y; belongs to a predefined set of
emotions ). Each utterance u; is accompanied by multimodal
data, including a video clip, an audio segment, and a text tran-
script. Formally, we represent a dialogue as follows:

UXxYXS = {{u§5),yi,si} |6 €{a,t,v},ys €V, s: ES},
(D

where ugé) denotes the modality-specific representation (text,
audio, or video) of the ¢-th utterance. The ERC task involves
predicting the emotion label g; for each utterance u; in the dia-
logue, leveraging information from all £ utterances.

2.2. Overall Architecture

As shown in Fig. 1, EmoEUS consists of three components.
First, ContextDEM maps multimodal features to Gaussian dis-
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Figure 1: The overall architecture of the EmoEUS framework. EmoEUS enhances MERC performance through explicit uncertainty
supervision and uncertainty-aware multimodal fusion. Solid and dashed rectangles denote trainable and frozen models, respectively.
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Figure 2: Framework of ContextDEM, where LN and MLP de-
note LayerNorm and multi-layer perceptron, respectively.
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tributions (g, o%) to model modality-specific uncertainty. Sec-
ond, an uncertainty-aware multimodal fusion (UAMF) mod-
ule integrates these distributions by weighting modalities based
on their uncertainties. Finally, the explicitly supervised loss
L s, aligns the predicted variance with the 2-Wasserstein dis-
tance between the emotion-specific cluster center and the ut-
terance’s distribution representation, providing supervision for
uncertainty estimation. The model is optimized using the clas-
sification loss Lc g together with the weighted Lgs1..

2.3. Contextual Feature Extraction

For each dialogue utterance u; (i = 1, ..., k) with textual (u?),
acoustic (u§), and visual (u{) modalities, we employ modality-
specific pre-trained encoders to extract features:

zd = ModalityEncoder(uf), 0 € {t,a,v}, 2)

where the features are obtained by average pooling the final
layer’s outputs of individual encoders. To capture sequential de-
pendencies, the features are processed by bidirectional GRUs:

R’ = Bi-GRU({,...,z}) € Rk, 3)
where D, is twice the hidden state dimension of the GRUs.

2.4. Context-level Distribution Estimation

To model semantic uncertainty, we propose a context-level dis-
tribution estimator module (ContextDEM), as shown in Fig. 2.
Given modality-specific features R?, the ContextDEM first en-
hances global contextual interactions via a Transformer en-
coder, followed by residual connections to preserve original
context. The resulting features are then fed into two parallel
MLP branches to independently predict the mean p° and log-

variance log o® of a Gaussian distribution:'
(1’ ,log 0°) = ContextDEM(R?), § € {t,a,v}, (4

IFor notational simplicity, we denote o as the variance instead of
the usual o2
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where p°, 0% € RPo*F,

2.5. Uncertainty-Aware Multimodal Fusion (UAMF)

Given the modality-wise variance vectors {o"s}, we first quan-
tify the modality confidence based on relative uncertainty ratios:

O'6+E

ch=1-—"-""°=__
! o+ oV +ot+e

1- ) 5 € {t,a,v}, (5)
where € is a small constant for numerical stability, and the op-
erations are performed element-wise along the feature dimen-
sion. This formulation assigns higher confidence to modalities
with lower relative uncertainty. Softmax normalization is ap-

plied along the modality dimension to ensure fair competition:
C° = softmax(Ciw) € RPo*F, 6)

Then, the confidence-weighted features are obtained by elemen-
twise multiplication with the original mean features:

R =C’ou’ de {t,a,v}, @

where © denotes element-wise multiplication, enabling auto-
matic suppression of high-uncertainty features.

To model inter-utterance contextual dependencies, we em-
ploy a multi-head attention mechanism. The query, key, and
value matrices are constructed as:

Q = W€ Concat(p', p*, u") € RPC*¥,
K = Concat(R!,, R?, R.) € RPc*F,
V = WV Concat(p', p°, pn°) € RPC**,

®)

where W< and W are learnable projections and Do = 3D,.
The uncertainty-aware attention output is computed as:

Q'K
VD¢

allowing high-confidence modalities to receive larger attention
weights. The attended representations are further refined by a
Transformer encoder to capture global conversational context:

H=[h,.. (10)

A = softmax ( ) V e RPoxk, )

., hi] = TransEncoder(A),

a residual connection is applied to preserve the original multi-
modal information and improve training stability:

F =[f1,...,fs] = H+ Concat(p', u*,pn"), (11



where f; € RE denotes the fused feature of utterance u;. Each
fused embedding f; is fed into a classifier to obtain emotion
probabilities p;, optimized using the standard cross-entropy
loss LcE.

2.6. Explicitly Supervised Loss (ESL)

te{l,....k}
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Figure 3: Framework of explicitly supervised loss L%sr. ESL
aims to align the predicted variance o of each utterance with
the 2-Wasserstein distance Daw (i,0) between the utterance-
wise distribution and the corresponding global emotion center,
providing explicit supervision for uncertainty estimation.

2-Wasserstein Distance
Do (i,0)

N, o?)

Utterance-Wise Modality-
Specific Distribution

We hypothesize that implicit uncertainty modeling, based
solely on the cross-entropy loss Lc g, is insufficient to accu-
rately capture utterance-level uncertainty in multimodal emo-
tion recognition. To address this limitation, we propose a novel
explicitly supervised loss Lgsr, as shown in Fig. 3, which
directly supervises the variance outputs from the ContextDEM
modules, explicitly encouraging the model to learn accurate and
well-calibrated uncertainty representations across modalities.

Alignment with Global Distributional Cluster Centers:
To maintain consistency with the evolving feature representa-
tions, global cluster centers are updated once per training epoch
using the current feature statistics and are not involved in gra-
dient backpropagation. Unlike conventional methods that only
store cluster means, we adopt a distributional representation of
cluster centers to better capture the statistical properties. For
each emotion class y and modality §, we compute both the mean
and variance of the cluster center:

s 1 s D
uy:@ Z ’l'iy cR 9. 66{t7aav}7

iy €LY (12)
5 1 5 D
o, = 7] Z o;, ER79, ¢ € {t,a,v},
Yliyezs

where Z) = {iy | yi, = y € Y} denotes the set of utterance in-
dices with emotion label y, Dy is the feature dimension, !l and
o are the mean and variance vectors obtained from the Con-
textDEM modules, and \Ig| is the number of utterances with
emotion class y. For a dataset with 3 modalities and 6 emotion
labels, 18 global distributional cluster centers are maintained.

To measure the deviation between an utterance’s distribu-
tional representation and its emotion cluster center, we employ
the 2-Wasserstein (2W) distance:

Daw (i,8) = |ui — |13 + llo? — oy, 13, (13)

where y; is the emotion label of utterance ¢, and p,gi and crf/i
denote the mean and variance vectors of the cluster center corre-
sponding to emotion y; € ) and modality §. The 2-Wasserstein
distance can naturally account for the distributional uncertainty.
The explicit supervision loss is then formulated as:

§ 1 ~ F) .
EESL:EZ [eAVE 2 —\/DQW(7/76)
i=1

2
» (14)
2

where k is the number of utterances in the conversation, and o
is a learnable uncertainty scaling factor that addresses potential
scale mismatches between the predicted variance and the em-
bedding deviations.

2.7. Jointly Training

The final training objective combines the classification loss and
the explicitly supervised uncertainty loss for all three modali-
ties:

L="Lcp+k(Lest + LEsr + LesL), 15)

where « denotes the weighting coefficient for the explicitly su-
pervised uncertainty loss. To stabilize training, the explicitly su-
pervised loss Lgsy, is introduced after an initial training phase.
Specifically, the weight x remains O before a predefined start
epoch epsiart, and is then set to a fixed constant A:

0, ifepoch < epgar,

16
A, otherwise. (16)

k(epoch) = {

3. Experimental Settings
3.1. Datasets and Evaluation Metric

IEMOCAP [23] is a widely used dataset for emotion recog-
nition in conversation. For partitioning the data, we utilized
the commonly used “Leave-One-Session-Out” (LOSO) strat-
egy. MELD [24] is a multi-modal, multi-speaker conversa-
tional dataset derived from the TV series “Friends”. To en-
sure a fair comparison, we followed the predefined train/val/test
splits provided by the dataset, ensuring data allocation aligned
with [25]. Similar to other recent studies, we adopt the accuracy
and weighted F1-score (w-F1) for evaluation.

3.2. Implementation Details

For the feature extraction, we used RoBERTa [26] for text,
Wav2vec2.0 [27] for audio, and CLIP [28] for visual modal-
ity. All experiments were conducted on a single NVIDIA RTX
4090 GPU, trained for 40 and 50 epochs on IEMOCAP and
MELD with a batch size of 15 and 100, respectively. The model
was optimized using the Adam optimizer with a learning rate of
2 x 10™*, loss weight of A = 2 x 10~° with the starting epoch
epsart = 10, and a dropout rate of 0.2. Finally, we averaged the
weights from the last 10 checkpoints to obtain the final model
for evaluation.

4. Experimental Results and Analysis
4.1. Effect of Different Fusion Methods and Overall Results

Table 1 shows the detailed results on both datasets. The pro-
posed EmoEUS performs the best among all models, demon-
strating its effectiveness. By explicitly modeling uncertainty
through Lgsr,, EmoEUS effectively identifies and emphasizes
reliable modalities while suppressing uncertain ones, leading to
more robust multimodal representations.

While EmoEUS shows slightly lower scores on the Sad and
Angry classes compared to some baselines, it exhibits signifi-
cantly more balanced and robust performance across all emo-
tion categories (achieving w-F1 scores above 70% for every
emotion class on IEMOCAP), avoiding the severe bias towards
specific classes observed in other methods and thereby leading
to superior overall accuracy and w-F1 scores.
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Table 1: Accuracy and weighted-average F1 score (w-F1) compared with other baselines. Best and second-best results are displayed

in bold and underline, respectively.

Baseline Model Proposed IEMOCAP MELD
Year Happy | Sad | Neutral | Angry | Excited | Frustrated | Acc | w-F1 | Acc | w-F1
DialogRNN [29] 2019 32.20 | 80.26 | 57.89 62.82 73.87 59.76 63.52 | 62.89 | 60.31 | 57.66
DialogGCN [30] 2019 4275 | 84.54 | 63.54 64.19 63.08 66.99 65.25 | 64.18 - 58.10
MMGCN [31] 2021 45.14 | 77.16 | 64.36 68.82 74.71 61.40 66.36 | 66.26 | 60.42 | 58.31
M2FNet [6] 2022 - - - - - - 69.69 | 69.86 | 67.85 | 66.71
CFN-ESA [7] 2023 53.67 | 80.60 | 71.65 | 70.32 74.82 68.06 71.04 | 70.78 | 67.85 | 66.70
AdalGN [32] 2024 53.04 | 8147 | 71.26 65.87 76.34 67.79 - 70.74 - 66.79
MDAG [33] 2024 4526 | 81.40 | 69.53 70.33 71.61 66.94 69.11 | 69.08 | 64.41 | 64.00
DER-GCN [34] 2025 58.80 | 79.80 | 61.50 72.10 73.30 67.80 69.70 | 69.40 | 66.80 | 66.10
FEMI [35] 2025 60.60 | 85.55 | 70.92 70.98 75.13 69.00 71.97 | 73.53 | 64.88 | 66.41
EmoEUS [ Ours [ 7742 [ 7287 | 72.04 | 7120 | 78.66 | 7358 [ 74.33 [ 74.36 | 68.32 [ 67.53

Table 2: Performance of using different model settings.

. IEMOCAP MELD
Fusion Method Acc Wl Acc wFl
Concat 7190 | 72.20 | 66.82 | 65.57
Attention 7239 | 72.33 | 66.64 | 65.75
TransFormer 72.53 | 72.57 | 67.64 | 66.58
EmoEUS (Full) | 74.33 | 74.36 | 68.32 | 67.53
w/o LEsL 73.32 | 73.33 | 67.78 | 66.73
w/o UAMF 72.63 | 72.69 | 66.53 | 66.01

Table 2 presents the performance of different fusion meth-
ods. “Concat” directly concatenates features (R?) from dif-
ferent modalities and feeds them to the classifier. “Attention”
and “Transformer” employ a multi-head attention module and
a simple Transformer encoder to fuse the concatenated multi-
modal features, respectively. Compared with these baselines,
EmoEUS consistently achieves better performance on both
datasets, demonstrating the effectiveness of the uncertainty-
aware fusion mechanism. Performance drops in the variants
without UAMF and L g sy, further verify the importance of these
components. Removing UAMF degrades performance, show-
ing that uncertainty-aware fusion is crucial for multimodal in-
tegration. The variant without Lgs, also declines, suggesting
that explicit uncertainty supervision helps learn more accurate
and well-calibrated uncertainty estimates, which further facili-
tate more effective uncertainty-aware fusion.

4.2. Performance on Ambiguous Emotion Pairs

The results in Table 3 demonstrate that the proposed EmoEUS
effectively reduces misclassification rates between ambiguous
emotion pairs (e.g., Hap-Exc denotes misclassifying “Happy”
as “Excited”), thereby improving overall emotion prediction
performance. Notably, the full model with explicit uncertainty
supervision £gsr, achieves further reductions in misclassifica-
tion rates for most ambiguous pairs, which enables the model
to learn more separable and discriminative representations for
semantically similar emotions. By directly supervising the vari-
ance outputs and aligning them with emotion-specific distribu-
tional cluster centers, the model better captures fine-grained un-
certainty patterns, thereby leading to more robust overall pre-
diction performance.

4.3. Ablation Studies on ContextDEM

Table 4 demonstrates the advantages of distributional represen-
tation over point estimation. Modeling both mean (1°) and
variance (o°) with the 2-Wasserstein distance consistently out-

Table 3: Misclassification Rates Reduction on the Ambiguous
Emotion Pairs in IEMOCAP (Lower is Better).

Methods Hap-Neu|Hap-Exc|Neu-Exi|Sad-Fru|Exc-Hap
TransFormer 7.68 16.74 5.41 24.62 7.54
w/o LEsL” 7.57 19.05 5.23 16.92 6.56
EmoEUS (Full)| 6.51 14.88 | 4.96 | 16.92 6.89

*Train without the explicit uncertainty supervision loss Lgsr,

performs single-point representation with the standard MSE
distance across all settings, validating that explicitly capturing
uncertainty through variance leads to more robust feature learn-
ing. Furthermore, the residual connection proves effective in
preserving the original contextual features while integrating the
global interactions from the Transformer encoder.

Table 4: Effect of Distributional Representation Modeling and
Residual Connection on ContextDEM. For comparison, we em-
ployed an MSE distance for point representation using (u5).

Residual IEMOCAP MELD
Connection | Acc | w-F1 Acc \ w-F1
Point-Rep (,u‘s) with MSE Distance Dyssk

(1) x 72.86 | 72.42 | 67.53 | 67.45
(u®) v 73.28 | 7247 | 66.98 | 67.26
Distribution-Rep (u‘i, o%) with 2-Wasserstein Distance Doy
(ul, o) x 73.98 | 73.89 | 68.08 | 67.31
(u?, o) v 7433 | 74.36 | 68.32 | 67.53

5. Conclusions and Future Work

We propose the EmoEUS, a novel framework that incorporates
explicit uncertainty supervision for MERC. Our approach in-
troduces a context-level distribution estimator module (Con-
textDEM) to model utterance-level distribution, dynamically
weights modality reliability through an uncertainty-aware mul-
timodal fusion (UAMF) mechanism, and supervises the uncer-
tainty estimation using an explicitly supervised loss that aligns
predicted variances with distributional deviations. Extensive
experiments on IEMOCAP and MELD demonstrate state-of-
the-art performance, with significant reductions in misclassifi-
cation rates between ambiguous emotion pairs, validating the
effectiveness of explicit uncertainty supervision. In future work,
we will enhance the uncertainty estimation module to better
capture cross-speaker emotional dynamics in real-time settings.
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