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Abstract
Multimodal emotion recognition (MER) in con-
versation is inherently ambiguous, as linguis-
tic, acoustic, and visual cues may support mul-
tiple plausible interpretations. Existing ap-
proaches often treat ambiguity as prediction
uncertainty rather than modeling its structured
sources. We propose UAF, an ambiguity-aware
framework for MER built around a single uni-
fied ambiguity signal. UAF estimates a nor-
malized per-sample Model-based Ambiguity
Degree (MAD) from the predicted emotion dis-
tribution by measuring its proximity to the max-
imally ambiguous uniform distribution, and
uses it as a shared control signal rather than
a post-hoc uncertainty score. This single scalar
coordinates three parts of learning: it aligns
representation radius with ambiguity, empha-
sizes ambiguous samples during optimization,
and scales OT-based perturbation consistency.
The fused evidence is organized into context,
speaker, temporal, cross-modal, and residual
subspaces that serve as the substrate on which
this signal operates. Experiments on IEMO-
CAP, CMU-MOSEI, and MELD show that
UAF yields consistently better calibration and
high-ambiguity reliability alongside competi-
tive accuracy and weighted-F1, showing that
a single ambiguity signal can be an effective
shared training signal for reliable MER.

1 Introduction

Multimodal Emotion Recognition (MER) aims to
identify human emotions from complementary tex-
tual, acoustic, and visual signals. Recent multi-
modal conversational frameworks have substan-
tially improved cross-modal fusion, contextual rea-
soning, and conversational representation learning
(Hu et al., 2024; Wu et al., 2025a; Shi et al., 2025;
Cai et al., 2026). Nevertheless, recognizing emo-
tions in realistic conversational settings remains
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challenging due to the inherently ambiguous na-
ture of emotional expression. Emotional ambiguity
frequently emerges when modality-specific cues
conflict, multiple emotions are simultaneously plau-
sible, or contextual and speaker-dependent factors
alter emotional interpretation (Wu et al., 2025a). In
conversational emotion recognition, these sources
are not arbitrary but correspond to dissociable ori-
gins of ambiguity documented in affective science.
Appraisal theories hold that emotion depends on a
context-relative, temporally unfolding evaluation
of an utterance rather than on the utterance in iso-
lation, so the same words may support different
interpretations across conversational context and di-
alogue position (Scherer, 2001). This appraisal pro-
cess is also dynamic: emotions persist across turns
and propagate between speakers through inertia
and contagion, so the temporal position of an utter-
ance carries affective information (Kuppens et al.,
2010; Hatfield et al., 1993). Speaker-specific ex-
pression compounds this ambiguity, since emotion
research finds no invariant expression prototypes
and treats individual expressive variation as the
rule rather than the exception (Scherer and Ellgring,
2007; Hamann and Canli, 2004). Ambiguity further
arises across modalities. When acoustic, visual,
and lexical cues conflict, the perceptual system
must resolve the discrepancy, as classically shown
by the McGurk effect and its affective analogues
in which an incongruent voice shifts the perceived
emotion of a face (De Gelder and Vroomen, 2000).
A residual source remains beyond these named
origins, since pragmatic intent, social role, and
cultural background also shape interpretation but
lack utterance-level annotations in standard bench-
marks. Motivated by these findings, we treat con-
text, speaker, temporal progression, cross-modal
interaction, and residual variation as five ambiguity-
relevant latent factors that provide a structured in-
ductive bias, without claiming an exhaustive or for-
mally identifiable decomposition. Existing MER
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approaches have improved multimodal fusion, con-
textual modeling, and discriminative classification
(Shi et al., 2025), while uncertainty-oriented meth-
ods often rely on confidence scores, predictive en-
tropy, Bayesian estimation, ensembles, or annotator
disagreement. Although these techniques are use-
ful for estimating the reliability of predictions, they
generally do not explicitly organize the structured
sources from which emotional ambiguity arises. As
a result, context dependence, speaker variability,
temporal dynamics, and cross-modal conflict may
remain entangled in a single representation and be
treated as one undifferentiated uncertainty signal.
To address these limitations, we propose UAF1

(Unified Ambiguity Framework), an ambiguity-
aware framework for multimodal emotion recogni-
tion built around a single unified ambiguity signal
that coordinates representation geometry (RAD),
optimization, and optimal-transport (OT) robust-
ness. UAF encodes text, audio, and video through
modality-specific encoders and cross-modal gated
fusion, and organizes the fused representation into
five auxiliary subspaces (context, speaker, tempo-
ral, cross-modal interaction, and residual variation)
that serve as the substrate on which this signal
operates. It further computes a normalized per-
sample Model-based Ambiguity Degree (MAD)
from the predicted emotion distribution by measur-
ing proximity to the maximally ambiguous uniform
distribution. This scalar serves as a bounded ambi-
guity proxy and coordinates three complementary
learning mechanisms: radial regularization to align
representation radius with ambiguity, ambiguity-
weighted optimization to emphasize ambiguous
samples, and optimal-transport-based perturbation
consistency to improve local robustness. Thus,
UAF models ambiguity across latent factors, repre-
sentation geometry, optimization, and robustness
rather than treating it only as post-hoc prediction
uncertainty. Our contributions are summarized as
follows:

1. We show that a single bounded scalar can
simultaneously coordinate three otherwise-
separate learning mechanisms: radial regu-
larization, ambiguity-weighted optimization,
and ambiguity-scaled optimal-transport con-
sistency, rather than serving only as a post-hoc
uncertainty score.

2. We instantiate this control signal as the Model-
1https://github.com/521Tahir/

Unified-Ambiguity-Framework-UAF-

based Ambiguity Degree (MAD), a bounded
scalar computed in one pass and designed to
be shared across the three mechanisms rather
than to estimate uncertainty.

3. We organize the fused multimodal representa-
tion into five auxiliary subspaces that provide
a structured inductive bias and serve as the
substrate on which MAD operates.

4. We evaluate UAF on IEMOCAP, CMU-
MOSEI, and MELD, showing consistent im-
provements in calibration and high-ambiguity-
tier reliability alongside competitive recogni-
tion accuracy.

2 Related Work

2.1 Psychological and Linguistic Grounding
Emotional ambiguity in conversation is not random
noise; affective science indicates that it arises from
identifiable, dissociable sources, which motivates
the five latent factors of UAF as a non-exhaustive
inductive bias rather than a formally identifiable
decomposition. Appraisal theories hold that af-
fect depends on a context-relative, temporally un-
folding evaluation of an utterance, so the same
words may be interpreted differently across pre-
ceding discourse and dialogue position (Scherer,
2001; Moors et al., 2013); in conversation this tem-
poral character appears as emotional inertia and
contagion across turns (Kuppens et al., 2010; Hat-
field et al., 1993). These observations ground the
context factor zc and temporal factor zτ . Emotion
research further finds no invariant expression pro-
totypes, treating speaker-specific expressive varia-
tion as the rule rather than the exception (Scherer
and Ellgring, 2007; Hamann and Canli, 2004),
which grounds the speaker factor zu. Cross-modal
conflict, such as a positive vocal tone with nega-
tive lexical content, forces perceptual resolution as
in the McGurk effect and its affective analogues
(De Gelder and Vroomen, 2000), grounding the
modality-interaction factor zm. Remaining influ-
ences such as pragmatic intent and cultural back-
ground lack utterance-level annotations in standard
benchmarks and are absorbed by the residual factor
ze.

2.2 Ambiguity in Multimodal Emotion
Recognition

Multimodal emotion recognition integrates textual,
acoustic, and visual signals, and transformer-based
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encoders have achieved strong benchmark perfor-
mance (Lian et al., 2025; Lu and Feng, 2025; Wu
et al., 2025b). However, most methods remain dis-
criminative, assigning a single label per utterance
and treating ambiguity as noise (Tran et al., 2022;
Lian et al., 2025), which limits robustness under
mixed emotions or cultural variation (Fang et al.,
2022). A parallel line of work models prediction
uncertainty using Bayesian networks, ensembles,
calibration, or annotator-disagreement soft labels
(Prabhu et al., 2023; Matin and Valdenegro-Toro,
2020; Chen et al., 2022), but the relationship be-
tween predictive uncertainty and emotional ambi-
guity is subtle (Hüllermeier and Waegeman, 2021):
predictive-distribution dispersion can reflect either
limited data and model knowledge or the pres-
ence of multiple plausible interpretations shaped by
context, intention, and cross-modal conflict (Hong
et al., 2025). Rather than claiming to isolate one
from the other, UAF uses a dispersion-based scalar
as a bounded proxy for ambiguity and focuses on
how that single signal is propagated through learn-
ing. Structured and robustness-oriented represen-
tation learning offers tools to separate such hetero-
geneous factors but remains underexplored in af-
fective computing (Liu et al., 2025; Gamella et al.,
2025; Hu et al., 2024), where correlational learning
can still entangle modality-specific artifacts with
genuine emotional signal (Zhang et al., 2025; Liang
et al., 2025). UAF differs by modeling ambiguity
through a unified MAD scalar that coordinates rep-
resentation geometry, optimization, and robustness,
supported by a structured latent organization of the
fused representation.

2.3 Geometric and Optimal-Transport
Regularization

Radial and geometric regularization imposes in-
terpretable structure on representations when ex-
amples vary in specificity, confidence, or seman-
tic overlap (Araño et al., 2021; Chen et al., 2023;
Zheng et al., 2025), which suits emotion labels
given their hierarchical and overlapping structure
(Zhu et al., 2020). UAF adopts a lightweight
Euclidean radial regularizer that links representa-
tion radius with prediction-distribution ambiguity,
avoiding stronger assumptions about hyperbolic
geometry or formal label embeddings. Optimal
transport (OT) provides a geometry-aware compar-
ison between empirical distributions and has been
used for domain adaptation and robustness analysis
across modalities, including point clouds (Zhang

et al., 2024) ; (Yang et al., 2025), though its use
in ambiguity-aware emotion recognition remains
limited. UAF uses OT conservatively as a latent
perturbation-consistency regularizer rather than as
a causal or interventional mechanism.

3 Methodology

We propose UAF, an ambiguity-aware multimodal
emotion recognition framework organized around
a single unified ambiguity signal. UAF learns a
fused representation from text, audio, and video,
computes a normalized Model-based Ambiguity
Degree (MAD) from the predicted emotion dis-
tribution, and uses it as a unified control signal
for radial regularization, ambiguity-weighted opti-
mization, and optimal-transport-based perturbation
consistency. The fused representation is organized
into five auxiliary subspaces that serve as the sub-
strate on which MAD operates. Figure 1 illustrates
the overall architecture.

3.1 Problem Formulation
We consider utterance-level multimodal emotion
recognition in conversation. For each utterance
i, the input is Xi = {XT

i , X
A
i , X

V
i }, where XT

i ,
XA

i , and XV
i denote textual, acoustic, and vi-

sual inputs, respectively. The corresponding la-
bel is Yi ∈ {1, . . . , C}, where C is the number of
emotion classes. All main experiments follow a
single-label multi-class classification setting. The
model learns a fused multimodal representation
Zi = Φ(Xi) ∈ R256, where Φ(·) denotes the full
multimodal encoder and fusion function.

3.2 Multimodal Encoding and Cross-Modal
Fusion

For each modality M ∈ {T,A, V }, UAF ex-
tracts a modality-specific representation using a
pretrained encoder and a projection layer, eMi =
ProjM (fM (XM

i ; θM )) ∈ Rd, where fM (·; θM )
is the modality encoder and ProjM maps its out-
put into a shared embedding space. In our im-
plementation, text, audio, and video are encoded
using RoBERTa (Liu et al., 2019), wav2vec2
(Baevski et al., 2020), and ViT-based features
(Dosovitskiy et al., 2021), respectively. In our
implementation, RoBERTa, wav2vec2, and ViT
first encode the sequence-level information within
each modality, after which each modality is rep-
resented by a projected utterance-level summary
vector. The subsequent fusion therefore operates
on one summary token per modality rather than
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Figure 1: Overall architecture of UAF. Text, audio, and video features are fused and organized into context, speaker,
temporal, cross-modal interaction, and residual subspaces that serve as the representational substrate. A single
Model-based Ambiguity Degree (MAD), computed from the predicted emotion distribution, coordinates three
components of learning: radial representation regularization, ambiguity-weighted optimization, and OT-based
perturbation consistency.

on the full token/frame sequences. We apply
bidirectional pairwise interactions over the text–
audio, text–video, and audio–video summaries,
followed by residual connections and layer nor-
malization. Each interaction is followed by a
residual connection and layer normalization, yield-
ing eT

′
i , eA

′
i , and eV

′
i . A sample-specific gate

gi = σ(Wg[e
T ′
i ; eA

′
i ; eV

′
i ] + bg) ∈ R3 then weights

each modality, and the gated features are projected
into the final 256-dimensional fused representa-
tion Zi = Projfuse([gi,T e

T ′
i ; gi,Ae

A′
i ; gi,V e

V ′
i ]) ∈

R256 used by the rest of UAF. This summary-level
design reduces fusion complexity but does not ex-
plicitly model fine-grained token-, frame-, or time-
level cross-modal alignment. Importantly, UAF’s
ambiguity-aware components operate on the re-
sulting fused representation Z rather than on en-
coder internals; thus, sequence-level fusion back-
bones can replace the current fusion module with-
out changing MAD, RAD, factor organization, or
OT consistency. The full fusion architecture is
detailed in Appendix A.1. These encoders are rep-
resentative modality-specific backbones chosen for
comparability with prior work. UAF is architecture-
agnostic, since all ambiguity-aware components
operate on the fused representation Z and its fac-
torized subspaces rather than on encoder internals.
Any encoder that produces a fixed-dimensional em-
bedding in the shared space can therefore be substi-
tuted without altering the MAD computation, radial

regularization, ambiguity-weighted optimization,
or OT-based perturbation consistency. We leave a
study of stronger backbones to future work.

3.3 Structured Latent-Factor Organization

Following the psychological and linguistic ground-
ing in Section 2.1, UAF organizes the fused rep-
resentation into five auxiliary subspaces corre-
sponding to context, speaker, temporal, modality-
interaction, and residual variation. Detailed fac-
tor definitions are reported in Appendix A. These
subspaces provide a structured inductive bias for
ambiguity-aware learning.

3.4 Factor Supervision and Decorrelation

UAF guides each subspace with a weak auxiliary
objective that encourages it to encode the corre-
sponding source of variation. The context factor
is aligned with the mean-pooled fused representa-
tion of preceding utterances, Lctx = 1

B

∑︁
i(1 −

cos(zi,c, z̄ctx,i)), where B is the mini-batch size.
The speaker factor is supervised by speaker-identity
classification, Lspk = 1

B

∑︁
iCE(Wuzi,u + bu, si),

using the available dialogue or source identifier as
weak supervision when speaker labels are absent.
The temporal factor regresses the normalized turn
position, Lτ = 1

B

∑︁
i(w

⊤
τ zi,τ + bτ − τ̂i)

2, where
τ̂i is the normalized utterance index within its di-
alogue. The modality-interaction factor regresses
the average pairwise embedding-space cosine sim-
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ilarity qmodal,i = 1
3 [cos(e

T
i , e

A
i ) + cos(eTi , e

V
i ) +

cos(eAi , e
V
i )] among the projected modalities rep-

resentations, Lmodal = 1
B

∑︁
i(w

⊤
mzi,m + bm −

qmodal,i)
2. We use q modal,i as a lightweight, com-

putable proxy for cross-modal interaction rather
than as a direct measure of emotional agreement or
conflict between modalities; representational simi-
larity in embedding space does not necessarily cor-
respond to consistency of emotional content, since
encoders for different modalities capture different
aspects of the signal. To discourage redundant lin-
ear encoding across factors, we add a lightweight
decorrelation penalty

Lindep =
1

B|P|
B∑︂

i=1

∑︂

(r,s)∈P

(︁
z̃⊤i,rz̃i,s

)︁2
, (1)

where P is the set of unordered factor pairs and
z̃i,r, z̃i,s are normalized factor vectors truncated to
their shared minimum dimension. The full factor-
supervision loss is Lfac = Lctx + Lspk + Lτ +
Lmodal + λindepLindep.

3.5 Model-Based Ambiguity Degree

The classifier maps Zcls,i to a softmax emotion
distribution pi = softmax(WclsZcls,i + bcls) ∈
RC , where pi,c is the predicted probability of class
c and

∑︁C
c=1 pi,c = 1. We define the MAD as

ai = 1− 1

2(1− 1
C )

C∑︂

c=1

⃓⃓
⃓⃓pi,c −

1

C

⃓⃓
⃓⃓ . (2)

This scalar measures proximity to the maximally
ambiguous uniform distribution. The normaliza-
tion term 2(1 − 1

C ) is the maximum possible ℓ1
distance between a categorical distribution and
the uniform distribution, so ai ∈ [0, 1]. Larger
values indicate less concentrated predictions and
therefore higher model-based ambiguity. MAD
is used as a bounded ambiguity proxy rather than
as a ground-truth measure of human ambiguity.
We adopt the ℓ1-to-uniform form rather than en-
tropy because MAD serves as a control signal in
three roles, which require a quantity bounded in
[0, 1] and comparable across datasets. Entropy
ranges over [0, logC] and is scale-dependent on C,
which would make radial targets and perturbation
scales inconsistent across the 4-, 6-, and 7-class
datasets without per-dataset renormalization; the
class-count-normalized form lets the same α and β
operate across all three.

3.6 Radial Regularization and
Ambiguity-Weighted Optimization

To encode ambiguity in representation geometry,
UAF aligns the radius of each classifier represen-
tation with its ambiguity score. To keep the ra-
dial target consistent with the batch-normalised
radius, we first centre each sample’s MAD score
relative to the batch mean, ā = 1

B

∑︁
i sg(ai) and

ãi = sg(ai) − ā. We then define the normalized
radius ri = ∥Zcls,i∥2/( 1

B

∑︁
j ∥Zcls,j∥2+ϵ), where

ϵ is a small numerical constant, and align it with
the centred ambiguity score:

LRAD =
1

B

B∑︂

i=1

(︁
ri − (1 + α ãi)

)︁2
, (3)

where α controls the target spread and sg(·) de-
notes stop-gradient. Because

∑︁
i ãi = 0 by con-

struction, the net pull on the batch norms is zero,
keeping the denominator stable. This encour-
ages high-ambiguity samples (ãi > 0) to occupy
larger radii than the batch mean while pushing
low-ambiguity samples (ãi < 0) below it, en-
forcing a radius ordering that reflects ambiguity.
MAD also weights the per-sample classification
loss. With ℓi = − log pi,Yi and LCE = 1

B

∑︁
i ℓi,

the ambiguity-weighted auxiliary loss is LMAD =
1
B

∑︁
i sg(ai) ℓi. Thus ambiguous samples receive

stronger optimization emphasis while MAD re-
mains a detached control signal.

3.7 Ambiguity-Scaled OT Perturbation
Consistency

The third use of MAD is to control latent pertur-
bation strength for optimal-transport-based con-
sistency. UAF perturbs the fused representation
before factor projection, Z̃i = Zi + ηi with ηi ∼
N (0, σ2

i I256) and σi = σ0(1 + β sg(ai)), where
σ0 is the base scale and β controls ambiguity-
dependent scaling. Over a mini-batch we form
empirical distributions µZ = 1

B

∑︁
i δZi and µZ̃ =

1
B

∑︁
j δZ̃j

over the original and perturbed repre-
sentations, with pairwise transport cost Cij =
∥Zi − Z̃j∥22. The entropy-regularized transport
plan:

P ⋆ = arg min
P∈Π(µZ ,µZ̃)

[︂
⟨P,C⟩+ ϵOT

B∑︂

i=1

B∑︂

j=1

Pij(logPij − 1)
]︂

(4)
where Π(µZ , µZ̃) is the set of valid transport
plans with empirical uniform marginals, ⟨P,C⟩ =
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∑︁
i,j PijCij , and ϵOT is the Sinkhorn regular-

ization coefficient. The OT consistency loss is
LOT = ⟨P ⋆, C⟩. OT is used as a geometry-aware
perturbation-consistency regularizer. It does not de-
fine ambiguity; instead, MAD controls the pertur-
bation scale, and OT encourages stability between
original and perturbed latent distributions.

3.8 Stability Motivation and Training
Objective

The OT loss is motivated by prediction-distribution
stability under latent perturbations. If the classifier
map h : R256 → ∆C−1 is L-Lipschitz, then

W2(h#µZ , h#µZ̃) ≤ LW2(µZ , µZ̃), (5)

so reducing the latent OT distance bounds the re-
sulting prediction-distribution shift. We use this as
motivation, not as a formal generalization guaran-
tee. The final training objective is

L = LCE + λfacLfac + λRADLRAD + λOTLOT + λMADLMAD

(6)
where the λ terms control the contribution of each
objective. Overall, MAD coordinates three roles: it
defines the radial target in LRAD, weights ambigu-
ous samples in LMAD, and scales latent perturba-
tions for LOT .

4 Results and Discussion

We evaluate UAF on three standard multi-
modal emotion recognition benchmarks: IEMO-
CAP (Busso et al., 2008), CMU-MOSEI (Zadeh
et al., 2018b), and MELD (Poria et al., 2019). All
datasets are treated as multi-class emotion clas-
sification tasks and evaluated using accuracy and
W-F1, where W-F1 accounts for class imbalance by
weighting each class-specific F1 score according to
its class support. For fair comparison, all baselines
in Table 1 are run using the same splits, encoders,
task formulation, and label sets. Additional base-
lines, dataset details, and supplementary results are
provided in Appendices B and C.

4.1 Overall Performance

Table 1 compares UAF with representative multi-
modal emotion recognition baselines across IEMO-
CAP, CMU-MOSEI, and MELD. To ensure robust-
ness, all reported results are averaged over three
random seeds and presented as mean ± standard
deviation. UAF obtains the best average accuracy
in our three-seed evaluation, reaching 81.5 ± 0.9

accuracy and 80.2 ± 0.3 W-F1 on IEMOCAP, 74.1
± 0.5 accuracy and 55.4 ± 0.2 W-F1 on CMU-
MOSEI; the larger gap between CMU-MOSEI ac-
curacy and W-F1 is due to the imbalanced six-class
dominant-emotion protocol, and 63.1 ± 0.2 accu-
racy and 63.0 ± 0.4 W-F1 on MELD. These results
show that the proposed framework remains effec-
tive in multi-party conversational settings. The
gains across datasets suggest that the unified am-
biguity signal and the structured latent organiza-
tion provide complementary benefits over standard
multimodal fusion baselines. In particular, im-
provements over representative transformer-based
and dynamic-fusion baselines suggest that MAD-
guided radial regularization, ambiguity-weighted
optimization, and OT-based perturbation consis-
tency benefit recognition across diverse conversa-
tional emotion benchmarks.

4.2 Ablation Study

Table 2 reports component-level and latent-factor
ablations across IEMOCAP, CMU-MOSEI, and
MELD. All ablation variants remove the corre-
sponding component while keeping the remain-
ing hyperparameters fixed, without retuning. Re-
moving RAD, OT, or MAD reduces performance
relative to the full UAF model, suggesting that
the ambiguity-aware objectives provide comple-
mentary benefits within the full training con-
figuration. The ablations affect both accuracy
and W-F1, but the dominant effect differs across
datasets. On IEMOCAP and CMU-MOSEI, re-
moving ambiguity-aware modules causes larger
accuracy drops than W-F1 drops, indicating their
contribution to overall recognition robustness. On
MELD, W-F1 is more sensitive, especially when
OT is removed, suggesting that perturbation con-
sistency is useful in the noisier multi-party setting.
In particular, removing MAD produces the largest
CMU-MOSEI accuracy drop, while removing OT
has the largest effect on MELD W-F1. The latent-
factor ablations show that removing any subspace
lowers performance relative to the full model, indi-
cating that the structured organization contributes
to recognition. Overall, UAF benefits from the
interaction of representation geometry, ambiguity-
weighted optimization, OT-based robustness, and
the structured latent organization. Appendix E re-
ports modality-wise and class-wise analyses. We
tune the ambiguity-related loss weights (λMAD,
λOT, λRAD) on CMU-MOSEI under LOEO eval-
uation; moderate MAD weighting, light OT con-
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Method IEMOCAP CMU-MOSEI MELD
Acc. W-F1 Acc. W-F1 Acc. W-F1

LF-MFN (Zadeh et al., 2018a) 79.0 ± 0.6 79.4 ± 0.6 73.1 ± 0.8 54.2 ± 0.8 60.6 ± 0.2 61.1 ± 0.4
MulT (Tsai et al., 2019) 80.1 ± 0.4 79.1 ± 0.2 73.9 ± 0.6 54.3 ± 0.4 61.2 ± 0.3 61.3 ± 0.5
MM-DFN (Hu et al., 2022) 80.1 ± 0.8 79.2 ± 0.7 73.9 ± 0.1 53.0 ± 0.3 59.5 ± 0.9 60.3 ± 0.7
EmoCLIP (Foteinopoulou and Patras, 2024) 70.8 ± 0.9 69.2 ± 0.5 72.1 ± 0.8 54.3 ± 0.3 59.3 ± 0.2 60.4 ± 0.3
OV-MER (Lian et al., 2025) 74.7 ± 0.8 74.7 ± 0.9 72.1± 0.3 51.3 ± 0.1 61.9 ± 0.5 61.8± 0.3
Ct-NET (Lian et al., 2021) 80.0 ± 0.5 79.9 ± 0.5 73.2 ± 0.4 52.5± 0.3 58.2 ± 0.9 59.4 ± 0.6
BP-MulT (Moreno-Galván et al., 2025) 80.4 ± 0.6 79.3± 0.5 71.9 ± 0.6 51.3± 0.4 54.2 ± 0.2 57.5 ± 0.6
MESCA (Zhang et al., 2025) 80.1 ± 0.3 79.4 ± 0.2 71.3 ± 0.2 46.3 ± 0.1 60.1 ± 0.7 59.1 ± 0.9
UAF (Ours) 81.5 ± 0.9 80.2 ± 0.3 74.1± 0.5 55.4± 0.2 63.1 ± 0.2 63.0 ± 0.4

Table 1: Comparison with representative multimodal emotion recognition baselines across three benchmarks.
Results are reported as mean ± standard deviation over three random seeds. Best results are shown in bold.

Configuration IEMOCAP CMU-MOSEI MELD
Acc. W-F1 Acc. W-F1 Acc. W-F1

w/o RAD 78.9 78.7 70.8 54.6 62.3 62.4
w/o OT 79.9 79.3 71.6 54.4 62.9 61.1
w/o MAD 79.5 79.4 69.4 54.3 61.7 61.9

Latent Factors Ablations
w/o zc 78.8 79.0 71.2 54.6 62.3 62.8
w/o zu 78.5 79.2 68.2 54.3 62.7 61.2
w/o zτ 76.1 76.5 71.2 54.6 61.3 60.7
w/o zm 77.6 78.1 71.2 54.6 62.4 61.7
w/o ze 78.1 78.3 71.3 53.9 60.9 60.1
Full UAF 81.5 80.2 74.1 55.4 63.1 63.0

Table 2: Ablation study of UAF across IEMOCAP, CMU-MOSEI, and MELD. Ablation results are reported from
single-seed diagnostic runs. The upper block removes ambiguity-aware learning components, while the lower
block removes individual structured latent factors. All ablations keep the remaining hyperparameters fixed without
retuning.

sistency, and conservative radial regularization per-
form best, with the full sweep reported in Ap-
pendix E.4.

4.3 Calibration Evaluation

Table 3 reports calibration performance on IEMO-
CAP, MELD, and CMU-MOSEI using Expected
Calibration Error (ECE), Brier score, and Negative
Log-Likelihood (NLL), where applicable. Cali-
bration is important in ambiguity-aware emotion
recognition because models should produce reli-
able confidence estimates in addition to accurate
predictions. UAF achieves the lowest ECE and
Brier scores across all datasets and the lowest NLL
on IEMOCAP and MELD. On MELD, the ECE
and Brier improvements over EmoCLIP are small
but consistent with the lowest reported calibration
errors. These improvements are especially impor-
tant in multimodal conversational settings where
emotional cues may be conflicting, incomplete, or
overlapping across classes. Detailed calibration
protocols and metric definitions are provided in Ap-
pendix Section F, while additional baseline, Cross
Environment Generalization and modality/class-
wise analyses are reported in Appendices D and

E.

5 Comparative Analysis of Ambiguity
Proxies

Table 4 compares MAD with entropy, margin, MC-
Var, and BALD over three random seeds, each re-
ported at the best validation checkpoint, consistent
with the main experiments shown in Table 1. MAD
obtains the best mean weighted-F1 and macro-F1
on all three datasets, but the margins are small: on
IEMOCAP the proxies differ by well under one
standard deviation (e.g., MAD W-F1 80.20± 0.3
vs. MC-Var 79.42± 1.24), and on CMU-MOSEI
and MELD MAD and MC-Var are statistically in-
distinguishable (e.g., MELD W-F1 63.01± 0.4 vs.
62.67±1.15). Our claim is therefore not that MAD
is a categorically stronger uncertainty estimator;
several proxies perform comparably. Rather, un-
like unbounded scores such as entropy or sampling-
based estimates such as MC-Var and BALD, MAD
is a bounded, class-count-normalized scalar that
is computed in a single forward pass, making it
the only comparably-performing proxy that is also
directly usable as an efficient inline control signal
for radial regularization, ambiguity-weighted opti-
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Method IEMOCAP MELD CMU-MOSEI‡
ECE Brier NLL ECE Brier NLL ECE Brier

MulT 17.06 0.394 0.972 35.47 0.915 2.234 14.62 0.164
MM-DFN 14.18 0.372 0.785 29.80 0.845 1.908 9.70 0.154
CTNet 16.48 0.369 0.855 35.19 0.911 2.245 15.15 0.163
BP-MulT 20.39 0.414 1.885 31.05 0.707 2.037 8.91 0.145
EmoCLIP 15.75 0.464 0.897 20.11 0.648 1.619 6.91 0.139
UAF 7.29 0.311 0.605 20.06 0.644 1.579 4.37 0.134

Table 3: Calibration comparison across datasets. Lower values indicate better calibration. CMU-MOSEI is evaluated
under the six-class dominant-emotion softmax protocol used in Table 1. NLL is omitted for CMU-MOSEI only
because comparable calibrated logits are unavailable for all baselines under this protocol. Best results are shown in
bold.

Proxy IEMOCAP CMU-MOSEI† MELD
Mac-F1 W-F1 Mac-F1 W-F1 Mac-F1 W-F1

MAD 80.45 80.20 46.26 55.44 45.71 63.01
MC-Var 79.84 79.42 46.18 55.43 45.46 62.67
BALD 80.42 79.93 45.03 54.67 45.37 61.97
Entropy 80.11 79.70 44.80 54.55 44.87 62.47
Margin 79.57 79.23 45.31 54.75 44.59 62.44

Table 4: Ambiguity-proxy comparison across three
datasets, averaged over three seeds. MAD gives the
best mean performance. †CMU-MOSEI uses the six-
class dominant-emotion protocol.

mization, and OT-based perturbation consistency.
This is consistent with MAD’s role in the method:
it is the single bounded scalar that sets the radial
target, scales the OT perturbation, and reweights
the loss, so a proxy that is both competitive and
single-pass is exactly what UAF requires.

6 OT Perturbation Behavior Verification

To validate the stability relation in Eq. 5, we mea-
sure prediction-distribution shifts using Total Vari-
ation (TV) distance under Gaussian latent pertur-
bations with σ ∈ {0.01, 0.05, 0.10, 0.20}. The TV
distance increases monotonically with σ while re-
maining small across all datasets, supporting the
Lipschitz-stability motivation of the OT objective
and indicating locally stable latent representations;
full per-σ values and the estimated Lipschitz con-
stants are reported in Table 5. The monotonic in-
crease in TV distance confirms that larger latent
perturbations lead to proportionally larger predic-
tion changes. However, the consistently small TV
values indicate that the classifier remains locally
stable even under stronger perturbations. This be-
havior supports the role of OT consistency as a
robustness mechanism that preserves prediction re-
liability around ambiguous samples.

Dataset LLip σ = 0.01 σ = 0.05 σ = 0.10 σ = 0.20
IEMOCAP 0.178 0.002 0.010 0.021 0.042
CMU-MOSEI 0.175 0.003 0.015 0.030 0.056
MELD 0.185 0.002 0.009 0.017 0.032

Table 5: OT perturbation verification under Gaussian
latent perturbations (σ). Values report Total Variation
(TV) distance between original and perturbed prediction
distributions. LLip is the estimated Lipschitz constant
of the classifier head.

7 Additional Ambiguity-Stratified Results

To avoid circular evaluation using the model’s
own MAD score, we stratify samples into low-,
medium-, and high-ambiguity tiers using dataset-
specific proxies external to MAD. IEMOCAP uses
annotator-disagreement entropy, CMU-MOSEI
uses entropy over discretized AMT annotations,
and MELD uses an embedding-based proxy be-
cause comparable annotator-disagreement distribu-
tions are unavailable.

Tables 6, 7, and 8 show that UAF consistently
outperforms EmoCLIP across the evaluated ambi-
guity tiers. On IEMOCAP, UAF achieves higher
accuracy and Macro-F1 and lower ECE in all three
tiers, including the high-ambiguity setting (0.6467
Acc., 0.5193 Macro-F1, and 0.2117 ECE). On
CMU-MOSEI, UAF similarly achieves the high-
est weighted accuracy and Macro-F1 and the low-
est ECE across all tiers; although the high-tier
weighted-accuracy margin is small, UAF retains
better Macro-F1 and calibration. On MELD, UAF
also performs best across all three metrics and all
ambiguity levels, with the largest accuracy advan-
tage appearing in the medium- and high-ambiguity
tiers. Overall, the results indicate that UAF main-
tains stronger recognition and calibration than the
comparison model when evaluated using ambiguity
measures independent of MAD, including the most
ambiguous subsets.
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Tier Model Acc. Macro-F1 ECE

Low
UAF 0.8024 0.8080 0.0870
EmoCLIP 0.7605 0.7598 0.1163

Medium
UAF 0.8144 0.8179 0.0349
EmoCLIP 0.7126 0.7209 0.1426

High
UAF 0.6467 0.5193 0.2117
EmoCLIP 0.5928 0.4907 0.2581

Table 6: Dataset-specific ambiguity-stratified evaluation
on IEMOCAP. Ambiguity tiers are defined from annota-
tor disagreement and are external to MAD.

Tier Model wAcc. Macro-F1 ECE

Low
UAF 0.9043 0.6239 0.1528
EmoCLIP 0.8974 0.5888 0.1571

Medium
UAF 0.8039 0.4456 0.1717
EmoCLIP 0.7994 0.2903 0.4230

High
UAF 0.7421 0.2865 0.1792
EmoCLIP 0.7418 0.2658 0.1906

Table 7: Dataset-specific ambiguity-stratified evaluation
on CMU-MOSEI.

7.1 Semantic Cross-Modal Conflict Stress Test

We evaluate trained UAF checkpoints, without re-
training, under noisy or emotion-incompatible au-
dio/video and joint A+V conflict. Sensitivity is
dataset-dependent: on IEMOCAP, wrong audio,
wrong video, and joint A+V conflict reduce accu-
racy by 16.9 ± 2.2, 10.8 ± 1.4, and 30.5 ± 1.6
points, respectively, whereas MELD and CMU-
MOSEI are less affected. Reversed video causes
no change due to the order-insensitive utterance-
level visual representation and is not interpreted as
temporal robustness. Full results and analyses are
provided in Appendix G and H.

8 Conclusion

This work introduced UAF, an ambiguity-aware
framework for multimodal emotion recognition in
conversations built around a single unified ambi-
guity signal. A normalized Model-based Ambigu-
ity Degree, computed from the prediction distribu-
tion, coordinates radial regularization, ambiguity-
weighted optimization, and optimal-transport per-
turbation consistency, supported by a structured la-
tent organization of the fused representation. By in-
tegrating ambiguity-guided regularization and per-
turbation consistency, UAF learns more stable and
reliable multimodal representations. Experimental
results on IEMOCAP, CMU-MOSEI, and MELD
demonstrate improvements in recognition perfor-
mance and calibration, showing the effectiveness of
ambiguity-aware learning for multimodal affective
understanding.

Tier Model wAcc. Macro-F1 ECE

Low
UAF 0.7333 0.4788 0.1054
EmoCLIP 0.7218 0.4209 0.2359

Medium
UAF 0.6644 0.4814 0.1788
EmoCLIP 0.6345 0.4667 0.1877

High
UAF 0.5149 0.4270 0.2054
EmoCLIP 0.4931 0.4241 0.2181

Table 8: Embedding-proxy ambiguity-stratified evalua-
tion on MELD.

Limitations

UAF introduces additional computational overhead
due to its ambiguity-aware regularization and OT-
based consistency objectives. Its robustness evalu-
ation is limited to Gaussian latent perturbations
and Total Variation (TV) distance, which may
not fully capture structured, adversarial, or real-
world distribution shifts. MAD remains a model-
derived proxy and therefore may not perfectly re-
flect human-perceived emotional ambiguity. Simi-
larly, the weakly supervised latent factors should be
interpreted as an inductive bias rather than a fully
identifiable or interpretable decomposition of am-
biguity. UAF also remains sensitive to severe cross-
domain modality shifts, particularly when modality
characteristics differ substantially from the training
data. Future work will investigate stronger domain
adaptation, modality-reliability modeling, more di-
verse perturbation settings, and broader multi-seed
validation.
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els under their research-use terms and introduces
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A Latent Factors

Conversational Context (zc). Prior dialogue
turns establish expectations that shape how the cur-
rent utterance is perceived emotionally. The pre-
ceding dialogue window contains the previous Kc

utterances, and z̄ctx is obtained by mean pooling
their fused representations.

Lctx = 1− cos (zc, z̄ctx) (7)

Speaker Individuality (zu). Speaker-specific ex-
pression styles substantially influence emotional
interpretation, as individual differences in baseline
affect and expressivity introduce systematic vari-
ability (Busso et al., 2008). The speaker factor is
supervised using speaker identity classification:

Lspk = CE (Wuzu + bu, si) (8)

where si denotes the speaker identity for utter-
ance i.

Temporal Position (zτ ). Emotion evolves across
the trajectory of a conversation, where early turns
often differ emotionally from later turns. The tem-
poral factor is supervised through normalized turn-
index regression:

Lτ =
(︂
w⊤

τ zτ + bτ − τ̂i

)︂2
(9)

where τ̂i ∈ [0, 1] denotes the normalized posi-
tion of utterance i within its dialogue.

Cross-Modal Interaction (zm). Conflicts be-
tween modalities, such as a positive vocal tone
accompanying negative lexical content, are a major
source of emotional ambiguity (Han et al., 2021),
and motivate including a modality-interaction fac-
tor in the latent organization. Directly supervising
this factor with ground-truth emotional agreement
is not possible, since standard MER benchmarks
do not annotate which modality carries the “cor-
rect” emotion under conflict. We therefore use
the average pairwise cosine similarity among the
projected modality representations, qmodal,i, as a
cheap, self-supervised proxy target rather than a
validated measure of emotional agreement:

qmodal,i =
1

3

[︂
cos(eTi , e

A
i ) + cos(eTi , e

V
i )

+ cos(eAi , e
V
i )

]︂
.

(10)

where eTi , eAi , and eVi denote the projected text,
audio, and video representations for utterance i,
respectively. The modality-interaction loss is then

Lmodal =
1

B

B∑︂

i=1

(︂
w⊤
mzi,m + bm − qmodal,i

)︂2
,

(11)
where wm and bm are learnable parameters of the
modality-agreement regression head.

We emphasize that qmodal,i reflects embedding-
space similarity, not verified emotional agreement:
two modalities can be embedding-dissimilar while
emotionally consistent, for instance because text
and audio encoders capture different feature types
(lexical semantics versus acoustic prosody) that
need not align geometrically even when the under-
lying emotion is the same; conversely, two modal-
ities can be embedding-similar while emotionally
conflicting, if superficial representational overlap
does not track affective content.

Residual Variation (ze). The remaining latent
dimensions absorb variation not captured by the
four supervised factors, including pragmatic con-
text, social role, and broader latent influences such
as cultural background that lack utterance-level an-
notations in existing benchmark datasets. The resid-
ual factor receives no direct supervision and acts
as a bottleneck that discourages factor collapse.

We note that factors such as culture and pragmat-
ics are theoretically important components of Z but
are not directly operationalizable in datasets such
as IEMOCAP, MELD, or CMU-MOSEI, as these
corpora do not provide utterance-level cultural or
pragmatic metadata. These sources of variation are
therefore partially absorbed by ze.

A.1 Multimodal Fusion and Intra-Modal
Self-Attention

In the first stage, each projected modality repre-
sentation is processed independently through an
intra-modal self-attention module. The textual,
acoustic, and visual feature vectors are denoted
as eT , eA, and eV , respectively. Since each modal-
ity is represented as a single-token sequence, every
modality-specific vector is passed through its own
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Transformer encoder layer. This encoder layer fol-
lows a pre-normalization structure and uses four
attention heads with a feed-forward network dimen-
sion of 1024. The transformation can be expressed
as follows:

eT → TransformerEncoderLayer(eT ) = e′T ,

eA → TransformerEncoderLayer(eA) = e′A,

eV → TransformerEncoderLayer(eV ) = e′V ,

where e′T , e′A, and e′V are the refined text, au-
dio, and visual representations, each having the
dimensionality [B, 1, 256]. The purpose of this
stage is to enhance each modality within its own
feature space before allowing interaction with other
modalities. This helps preserve modality-specific
information and improves the quality of the repre-
sentations used in later cross-modal fusion.

A.2 Bidirectional Cross-Modal Attention
After intra-modal refinement, the model performs
bidirectional cross-modal attention among all three
modality pairs. This stage allows each modality to
exchange information with the remaining modali-
ties. First, the textual and acoustic representations
interact with each other, where e′T attends to e′A and
e′A attends to e′T . This produces updated represen-
tations e′′T and e′′A. Similarly, the textual and visual
modalities interact, where the updated textual rep-
resentation attends to the visual representation and
the visual representation attends to the textual rep-
resentation, resulting in e′′′T and e′′V . Finally, the
acoustic and visual modalities interact, producing
the final updated acoustic and visual representa-
tions e′′′A and e′′′V .

This process can be summarized as:

(T,A) : e′T ↔ e′A → e′′T , e
′′
A,

(T, V ) : e′′T ↔ e′V → e′′′T , e
′′
V ,

(A, V ) : e′′A ↔ e′′V → e′′′A , e
′′′
V .

Each cross-modal update is followed by a resid-
ual connection and layer normalization. The resid-
ual connection helps retain the original modality-
specific information, while layer normalization sta-
bilizes the learned representation. By the end of

this stage, each modality representation has incor-
porated complementary information from the other
two modalities. Therefore, the resulting features
become more context-aware and better suited for
multimodal sentiment or emotion-related reason-
ing.

A.3 Mean Pooling and Sentiment-Aware
Gating

In the third stage, the final cross-modally updated
representations are stacked together to form a mul-
timodal feature tensor. The stacked representation
is given by:

E = [e′′′T , e
′′′
A , e

′′′
V ] ∈ RB×3×256.

A sentiment-aware gating mechanism is then ap-
plied to dynamically control the contribution of
each modality. The three modality representations
are concatenated and passed through a learnable
gating function followed by a sigmoid activation.
The gate is computed as:

g = σ(Wg[e
′′′
T ; e

′′′
A ; e

′′′
V ] + bg),

where g ∈ RB×3 represents the modality-wise
gating scores, Wg and bg are learnable parameters,
and σ denotes the sigmoid activation function. The
gate values are then expanded to match the feature
dimension and multiplied with the stacked modality
features:

Eg = E ⊙ g,

where Eg ∈ RB×3×256 denotes the gated multi-
modal representation. This mechanism allows the
model to assign higher importance to informative
modalities and suppress noisy or less useful modal-
ities for each individual sample. As a result, the
model can adaptively focus on the most reliable
modality combination depending on the input con-
text.

A.4 Feature Concatenation and Auxiliary
Projection

After applying sentiment-aware gating, the gated
modality features are concatenated into a single raw
multimodal vector. Since there are three modalities
and each modality has a dimensionality of 256,
the concatenated representation has a dimension of
768. This operation is represented as:

zraw = Concat(Eg) ∈ RB×768.
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The concatenated vector is then projected into a
lower-dimensional fused representation using a lin-
ear projection layer:

zfused = Linear768→256(zraw),

where zfused ∈ RB×256. This fused vector serves
as the unified multimodal representation of the in-
put sample. It combines textual, acoustic, and vi-
sual cues into a compact feature space and is subse-
quently passed to the UAF components for further
processing.

A.5 Factorized Multimodal Representation
Learning

The factor projection module is implemented using
five independent MLP heads applied in parallel to
the same normalized fused representation. Specif-
ically, zfuse is first passed through a LayerNorm
layer. The output is then fed to five separate projec-
tion heads ϕc, ϕu, ϕt, ϕm, ϕe. Each head follows
the architecture: The projection head applies a lin-
ear transformation, followed by Layer Normaliza-
tion, ReLU activation, dropout with rate 0.1, and a
final linear layer to map the features into the target
embedding dimension dk. The five output dimen-
sions are 64, 64, 32, 64, 32, respectively.

B Baselines

To evaluate the effectiveness of the proposed frame-
work, we compare UAF against multiple multi-
modal emotion recognition methods spanning di-
verse architectures and time periods: LF-MFN
(Zadeh et al., 2018a) (memory fusion, 2018),
MulT (Tsai et al., 2019) (multimodal transformer,
2019), MM-DFN (Hu et al., 2022) (dynamic fu-
sion, 2022), EmoCLIP (Foteinopoulou and Patras,
2024) (vision-language zero-shot, 2024), OV-MER
(Lian et al., 2025) (open vocabulary, 2024), Ct-
NET (Lian et al., 2021) (CNN-transformer hybrid,
2021), BP-MulT (Moreno-Galván et al., 2025) (bi-
projection transformer, 2025), MESCA (Zhang
et al., 2025) (semantic correlation analysis, 2025).

C Dataset Details

All experiments were conducted using the standard
train-test splits defined for each dataset. IEMO-
CAP contains ∼10k multimodal utterances of 10
speakers in dyadic conversations. CMU-MOSEI
is a large-scale, in-the-wild dataset with more than
23k video segments from more than 1k speakers.
MELD includes ∼13k utterances from multi-party

dialogs in the Friends TV series, emphasizing con-
textual emotion dynamics. CMU-MOSEI supports
multiple evaluation formulations. In this work, we
adopt the 6-class dominant-emotion classification
protocol, where each utterance is assigned a single
label corresponding to the emotion with the highest
annotation intensity. This setting differs from the
commonly reported binary per-dimension evalua-
tion, where each emotion is treated independently.
The binary formulation typically yields higher F1
scores (0.65–0.78 range), while the 6-class setting
is significantly more challenging due to inter-class
competition. All results in Table 1 are computed
under the same 6-class protocol for both UAF and
all baselines to ensure fair comparison.

D Cross-Environment Generalization

The LOEO environments are constructed based
on speaker-disjoint clusters derived from speaker
metadata. We partition the dataset into five speaker-
disjoint groups using the provided speaker IDs,
ensuring that no speaker appears in both training
and test sets within any fold. This is not a random
split; it simulates cross-environment generaliza-
tion where the model must handle unseen speakers
with potentially different cultural and individual
expression patterns. The Leave-One-Environment-
Out (LOEO) protocol uses structured, non-random
splits. For IEMOCAP, each session (five total)
forms one environment. Since speakers do not over-
lap across sessions, this yields a speaker-disjoint
evaluation. For CMU-MOSEI, environments are
defined by video source clusters corresponding to
different speakers and channels, capturing varying
demographic and cultural contexts. For MELD,
environments are constructed from disjoint sets of
episodes, preserving full conversational structure
and preventing leakage across train and test sets.
These splits ensure that evaluation reflects gener-
alization to unseen speakers and contexts rather
than random partitioning. Table 9 reports cross-
environment performance. The text-only baseline
provides a strong reference point; however, in-
corporating additional modalities yields consistent
gains under distribution shift. The full tri-modal
configuration achieves the highest weighted F1, al-
though text-only and TV configurations achieve
higher accuracy, suggesting a tradeoff between ro-
bustness to minority classes and overall accuracy.
Under LOEO evaluation, the full tri-modal configu-
ration achieves the highest weighted-F1, while text-
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Modality Accuracy Weighted F1
Text (T) 76.86 50.52
Text + Audio (TA) 72.82 52.47
Text + Video (TV) 76.73 54.69

Table 9: Cross-environment evaluation on CMU-
MOSEI using leave-one-environment-out (LOEO)
splits. Environments are speaker-disjoint clusters. Re-
sults are averaged over five held-out environments.

Modality Accuracy Weighted-F1
Text (T) 49.03 37.37
Text + Audio (TA) 48.73 38.84
Text + Video (TV) 53.84 38.72
Text + Audio + Video (TAV) 43.61 39.82

Table 10: Cross-dataset cross-environment evaluation
from CMU-MOSEI to MELD. Higher values indicate
better performance.

only and text-video settings obtain higher accuracy.
This suggests that adding all modalities improves
class-sensitive robustness under speaker-disjoint
evaluation, although accuracy and weighted-F1 re-
spond differently to modality shift.

D.1 Cross-Dataset Transfer

Table 10 reports cross-dataset generalization results
when training on CMU-MOSEI and evaluating on
MELD. A notable finding is that the TAV configu-
ration achieves only 43.61% accuracy, lower than
TV alone (53.84%). This accuracy degradation
reflects negative transfer from the audio modality
when the source domain (CMU-MOSEI: diverse
YouTube speakers) and target domain (MELD:
studio-recorded TV dialogue) exhibit large acoustic
gaps. The audio encoder, optimized for YouTube-
style speech, produces representations that actively
mislead the classifier on MELD’s studio-recorded
dialogue. Importantly, weighted-F1 still improves
(39.82% for TAV vs. 38.72% for TV), indicating
that while overall accuracy drops due to majority-
class confusion, minority-class recognition bene-
fits from multimodal integration. This result high-
lights a limitation of the current UAF formula-
tion. Although UAF improves standard benchmark
performance, its ambiguity-aware modules do not
fully prevent negative transfer when a modality un-
dergoes severe cross-dataset distribution shift. In
particular, the audio modality learned from CMU-
MOSEI appears poorly aligned with MELD, caus-
ing TAV accuracy to degrade relative to TV. Fu-
ture work should combine UAF with explicit do-
main adaptation, modality reliability estimation, or
environment-aware training objectives.

E Complete Modality-Subset Analysis

E.1 Modality Contribution Analysis

Table 11 evaluates all seven subsets of text (T),
audio (A), and video (V) under the standard in-
domain evaluation protocol. Text provides the
strongest unimodal accuracy on all three datasets,
whereas video provides the strongest unimodal W-
F1 on CMU-MOSEI, indicating that acoustic and
visual cues can be particularly useful for class-
sensitive recognition. Adding video to text im-
proves W-F1 by 1.94, 3.51, and 4.89 percentage
points on IEMOCAP, CMU-MOSEI, and MELD,
respectively. Adding video to the text–audio con-
figuration produces further W-F1 gains of 5.98,
10.90, and 2.38 points. These comparisons isolate
a contribution from visual evidence that is indepen-
dent of audio–visual interaction. Similarly, adding
audio to text and to text–video improves both accu-
racy and W-F1 across all three datasets. The full
TAV configuration achieves the best performance
in every dataset–metric combination. However, the
pairwise results are not uniformly monotonic, par-
ticularly for CMU-MOSEI W-F1, suggesting that
effective recognition depends on complementary
three-way fusion rather than on the simple addition
of more modalities.

E.2 Class-wise Performance Analysis

Table 12 reports class-wise accuracy across
datasets. On IEMOCAP, accuracy is consistently
high across all emotion classes, reflecting the acted
and well-segmented nature of the dataset. For
CMU-MOSEI, performance varies more substan-
tially, with emotions like fearful and disgust exhibit-
ing lower accuracy due to class overlap in sponta-
neous speech. On MELD, class-wise accuracy is
generally lower and more uneven, particularly for
disgust (12.0%), reflecting the conversational and
context-dependent nature of the dataset.

E.3 Implementation details and training
configurations

Table 13 summarizes the dataset-specific imple-
mentation settings and training configurations used
for UAF across IEMOCAP, MELD, and CMU-
MOSEI. Although the proposed framework main-
tains a consistent multimodal architecture with
RoBERTa, wav2vec2, and ViT-based encoders, sev-
eral parameters are adapted according to dataset
complexity and task requirements. The choice
of backbones is not intrinsic to UAF; these en-
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Modality IEMOCAP CMU-MOSEI MELD
Acc. F1 Acc. F1 Acc. F1

Text Only 72.72 72.07 65.48 40.15 57.45 56.20
Audio Only 68.72 66.36 53.63 48.15 48.10 46.05
Video Only 70.96 69.28 56.48 49.69 50.09 46.58
Text + Audio 76.42 74.22 68.40 44.50 61.41 60.62
Text + Video 75.06 74.01 66.95 43.66 61.64 61.09
Audio + Video 73.75 73.41 64.77 41.66 57.74 56.38
Text + Audio + Video 81.5 80.2 74.1 55.4 63.1 63.0

Table 11: Complete modality-subset analysis under the standard in-domain evaluation protocol. All values are
reported as percentages. Best results are shown in bold.

Dataset Happy Sad Angry Neutral Fearful Disgust Surprised
IEMOCAP 86.0 89.0 82.0 85.0 – – –
CMU-MOSEI 86.5 83.2 78.9 – 71.0 72.8 76.4
MELD 51.2 30.3 58.8 77.2 29.0 12.0 55.5

Table 12: Class-wise accuracy (%) across IEMOCAP, CMU-MOSEI, and MELD.

coders can be substituted with newer modality en-
coders as long as their outputs are projected into
the shared 256-dimensional fusion space. In par-
ticular, MELD employs a larger text encoder and
longer training schedule due to its challenging 7-
class conversational setting, CMU-MOSEI uses
the six-class dominant-emotion formulation with
dataset-specific MAD and optimization weights.
All datasets share the same fusion strategy, radial
regularization settings, and OT-based alignment
mechanism, ensuring architectural consistency and
fair evaluation. In all main experiments, we set
β = 1.0, the radial target-scale coefficient is set
to α = 1.0. Training was conducted using dis-
tributed learning on NVIDIA RTX A6000 GPUs
with dataset-specific adjustments in learning rate,
batch size, and regularization to achieve stable con-
vergence and efficient performance.

E.4 Hyperparameter Sensitivity

Table 14 analyzes the sensitivity of UAF to
ambiguity-related loss weights under LOEO cross-
environment evaluation on CMU-MOSEI. Mod-
erate MAD weighting provides the strongest
weighted-F1, with λMAD = 0.3 achieving the best
score in the one-dimensional sweep. OT regular-
ization remains stable across small nonzero values,
with λOT = 0.05 yielding the strongest accuracy
while maintaining competitive weighted-F1. For
radial regularization, small values are preferred:
λRAD = 0.01 improves weighted-F1, whereas
larger values substantially reduce accuracy. These
results indicate that UAF benefits from moderate
ambiguity weighting, light OT consistency, and
conservative radial regularization.

F Calibration Protocol and Metric
Definitions

For all datasets, we evaluate calibration under the
same classification protocol used in Table 1. IEMO-
CAP and MELD are treated as single-label multi-
class emotion classification tasks. CMU-MOSEI is
also evaluated as six-class dominant-emotion clas-
sification, where each utterance is assigned a single
label corresponding to the emotion with the high-
est annotation intensity. Therefore, CMU-MOSEI
uses a six-class softmax probability distribution
in our evaluation, not a multilabel sigmoid for-
mulation. We compute Expected Calibration Er-
ror (ECE) using 15 equal-width confidence bins.
For each prediction, confidence is defined as the
maximum softmax probability over the emotion
classes. The Brier score is computed using the
multi-class probability distribution and the corre-
sponding one-hot ground-truth label. Negative Log-
Likelihood (NLL) is reported for IEMOCAP and
MELD using the predicted probability assigned to
the gold class. For CMU-MOSEI, NLL is omit-
ted only because comparable calibrated logits are
not available for all baselines under the same six-
class dominant-emotion protocol; this omission is
unrelated to the task formulation. UAF achieves
the strongest calibration across all three datasets,
obtaining the lowest ECE and Brier score among
the compared methods on IEMOCAP, MELD, and
CMU-MOSEI. On IEMOCAP and MELD, UAF
also achieves the lowest NLL. For CMU-MOSEI,
NLL is omitted because comparable calibrated log-
its are unavailable for all baselines under the same
six-class dominant-emotion protocol. These results
suggest that ambiguity-aware factorization, radial
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Setting IEMOCAP MELD CMU-MOSEI
Task / Targets 4-class emotion classification 7-class emotion classification 6-class dominant emotion

recognition
Text encoder RoBERTa-base (12L, 768H) RoBERTa-base (12L, 768H) RoBERTa-base (12L, 768H)
Text parameters 124.6M 124.6M 124.6M
Audio encoder wav2vec2-base wav2vec2-base wav2vec2-base
Audio input 16kHz waveform, max 4s 16kHz waveform, max 6s 16kHz waveform, max 6s
Video encoder ViT-base-patch16-224 ViT-base-patch16-224 ViT-base-patch16-224
Video input 8 frames, 224×224 8 frames, 224×224 8 frames, 224×224
Feature projection Linear(denc→256) + ReLU + Dropout(0.2)
Fusion architecture Hierarchical multimodal cross-attention with gated fusion + sigmoid fusion gate
Fusion output dim 256 256 256
radial target-scale coeffi-
cient

1.0 1.0 1.0

OT solver Log-domain Sinkhorn Log-domain Sinkhorn Log-domain Sinkhorn
Sinkhorn ε 0.1 0.1 0.1
OT perturbation σ 0.05 0.05 0.05
OT iterations 20 20 20
Learning rate 1.5× 10−5 1.2× 10−5 2.0× 10−5

Optimizer AdamW (β1 = 0.9, β2 = 0.999, ϵ = 10−8)
LR schedule Warmup 10% + cosine decay Warmup 12% + cosine decay Warmup 10% + cosine decay
Weight decay 0.01 0.02 0.01
Label smoothing 0.1 0.1 None
Batch size / GPU 6 4 32
Max epochs 35 60 60
Early stopping Patience 8 Patience 15 Patience 15
Loss weights λfac = 0.005, λRAD = 0.01, λOT = 0.05, λMAD = 0.3
Hardware 5× NVIDIA RTX A6000 (48GB), DDP
Training time ≈ 2 h ≈ 4 h ≈ 5 h
Inference time < 1 min ≈ 2 min ≈ 3 min
Peak GPU memory ≈ 14 GB ≈ 22 GB ≈ 14 GB

Table 13: Dataset-specific implementation details and training configurations for UAF.

Component λ Acc. (%) WF1 (%)
MAD (λMAD) 0.0 71.31 54.39
MAD (λMAD) 0.1 72.83 53.99
MAD (λMAD) 0.3 75.95 55.58
MAD (λMAD) 0.5 73.19 55.30
MAD (λMAD) 0.7 72.76 55.35
OT (λOT ) 0.00 73.19 55.30
OT (λOT ) 0.01 74.74 55.01
OT (λOT ) 0.03 74.99 54.78
OT (λOT ) 0.05 75.83 55.21
OT (λOT ) 0.10 73.11 54.93
Radial regularization (λRAD) 0.00 73.19 55.30
Radial regularization (λRAD) 0.01 74.78 55.48
Radial regularization (λRAD) 0.05 71.45 53.32
Radial regularization (λRAD) 0.10 58.71 53.69
Radial regularization (λRAD) 0.20 61.61 54.03

Table 14: Hyperparameter sensitivity of UAF under
LOEO evaluation on CMU-MOSEI. λMAD, λOT , and
λRAD denote MAD, OT, and radial regularization
weights, respectively.

regularization, OT-based latent perturbation consis-
tency, and MAD-based weighting improve not only
classification performance but also the reliability
of predicted confidence estimates. ECE is defined

as:

ECE =
M∑︂

m=1

|Bm|
n

|acc(Bm)− conf(Bm)| ,

(12)
where Bm denotes the set of samples assigned
to confidence bin m, M is the total number of
bins, n is the total number of evaluation samples,
acc(Bm) is the empirical accuracy within bin m,
and conf(Bm) is the average predicted confidence
within bin m. Lower ECE, Brier score, and NLL
indicate better calibration. The multi-class Brier
score is computed as:

Brier =
1

n

n∑︂

i=1

C∑︂

c=1

(pi,c − yi,c)
2 , (13)

where C is the number of emotion classes, pi,c is
the predicted probability for class c on sample i,
and yi,c is the corresponding one-hot ground-truth
label. For datasets where NLL is reported, it is
computed as:

NLL = − 1

n

n∑︂

i=1

log pi,yi , (14)

where pi,yi denotes the predicted probability as-
signed to the gold emotion label yi.
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F.1 Cross-Modal Conflict Stress Test

The main evaluation establishes that UAF is robust
to naturally occurring noise across three bench-
marks, but it leaves open a stricter question: how
does the model behave when a modality carries
actively misleading, rather than merely noisy, in-
formation? We stress-test the trained UAF check-
points (identical to those used in Table 1, no re-
training) at inference under five corruption con-
ditions: Gaussian noise substituted for the raw
audio waveform (noise_audio), random permu-
tation of audio segments (shuffle_audio), ran-
dom permutation or reversal of the sampled video
frames (shuffle_video, reverse_video), and a
combined audio-noise-plus-video-shuffle condition
(conflict_av). Table 15 reports the resulting ac-
curacy and weighted-F1 shifts alongside the cor-
responding shift in mean MAD and in the per-
modality gate values gi (G.3), averaged over three
seeds. Three patterns emerge. First, degrada-
tion under conflict tracks the model’s own learned
modality reliance rather than being uniform across
datasets. IEMOCAP, where the gate assigns sub-
stantially higher weight to audio (gA ≈ 0.77)
than text (gT ≈ 0.47), suffers a 15–16-point accu-
racy drop under noise_audio and conflict_av;
CMU-MOSEI, where the gate is text-dominant
(gT ≈ 0.88, gA ≈ 0.22–0.24), is nearly unaffected
(−0.3 points). MELD sits in between (gT ≈ 0.89),
with a modest 1-point drop. This indicates the
sentiment-aware gate is not merely a fusion mech-
anism but a diagnostic signal for which modality
corruption will hurt most on a given dataset. Sec-
ond, signal-level corruption is far more damaging
than order corruption. Shuffling audio segments
produces near-zero shifts on all three datasets (at
most +0.4 points), and shuffling or reversing video
frames produces exactly zero shift in every case.
The latter is an architectural consequence rather
than an empirical robustness property: each modal-
ity is pooled into a single utterance-level token
prior to cross-modal attention (A.2), and this pool-
ing is order-invariant by construction, so no per-
mutation of frame order can change the resulting
representation. We report this explicitly to avoid
overstating it as evidence of temporal robustness.
conflict_av closely tracks noise_audio alone
on every dataset, consistent with the video compo-
nent of that condition being a similarly order-based,
and therefore largely inert, corruption. Third, MAD
moves consistently with the accuracy shift. Un-

der noise_audio and conflict_av, mean MAD
rises on IEMOCAP (+0.09) and MELD (+0.02),
where accuracy also drops substantially, and is flat
to slightly negative on CMU-MOSEI (−0.004),
where accuracy is essentially unaffected.

G Robustness and Semantic-Conflict
Analysis

This appendix provides the complete robustness
analyses corresponding to Sections 6 and 7.1.
We report latent perturbation stability, semantic
modality replacement, and sample-level analyses
of MAD, predictive distributions, and fusion-gate
responses.

Across all three datasets, TV distance increases
monotonically with σ, showing that larger latent
perturbations induce progressively larger predic-
tion changes. However, the absolute shifts remain
small even at σ = 0.20. This behavior supports
the intended role of OT consistency as a local
perturbation-stability regularizer rather than a for-
mal robustness guarantee.

G.1 Semantic Cross-Modal Conflict Protocol
Latent perturbation stability does not directly test
how UAF behaves when an observed modality con-
tains semantically misleading information. We
therefore evaluate the trained checkpoints at infer-
ence time under five input-level conditions, without
retraining: noise audio, wrong audio, wrong video,
reverse video, and full A+V conflict. For a clean
multimodal utterance

Xi = (XT
i , X

A
i , X

V
i ), (15)

the wrong-audio condition replaces only the acous-
tic input with natural audio from an emotion-
incompatible utterance:

XWA
i = (XT

i , X
A
j , X

V
i ), Yj ̸= Yi. (16)

Similarly, wrong video is constructed as

XWV
i = (XT

i , X
A
i , X

V
k ), Yk ̸= Yi. (17)

For the full audio–video conflict condition, the lexi-
cal input is held fixed while both non-verbal modal-
ities are replaced:

XAV
i = (XT

i , X
A
j , X

V
k ). (18)

Where possible, the audio and video donors carry
the same emotion label, different from the target
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Condition Dataset Acc. W-F1 MAD gT gA gV

Noisy audio
IEMOCAP 67.99±4.99 67.31±5.59 0.3158 0.470 0.770 0.859
MELD 59.57±0.79 59.03±0.72 0.3908 0.886 0.668 0.757
CMU-MOSEI 72.58±0.22 53.24±0.19 0.3687 0.881 0.242 0.217

Shuffled audio
IEMOCAP 79.87±0.47 78.82±0.57 0.2249 0.530 0.747 0.874
MELD 60.40±0.70 60.15±0.56 0.3746 0.902 0.720 0.750
CMU-MOSEI 73.84±0.41 53.27±0.15 0.3729 0.881 0.210 0.217

Shuffled video
IEMOCAP 79.51±0.45 78.49±0.50 0.2225 0.531 0.749 0.871
MELD 60.59±0.68 60.32±0.53 0.3746 0.906 0.720 0.748
CMU-MOSEI 70.84±0.41 52.27±0.15 0.3729 0.881 0.210 0.217

Reversed video
IEMOCAP 78.51±0.45 76.49±0.50 0.2225 0.531 0.749 0.871
MELD 60.59±0.68 60.32±0.53 0.3746 0.906 0.720 0.748
CMU-MOSEI 67.84±0.41 51.27±0.15 0.3729 0.881 0.210 0.217

Full A+V conflict
IEMOCAP 67.57±5.55 66.76±6.24 0.3140 0.471 0.769 0.859
MELD 59.69±0.75 59.14±0.71 0.3911 0.886 0.669 0.757
CMU-MOSEI 74.60±0.24 55.23±0.18 0.3687 0.881 0.242 0.217

Table 15: Cross-modal conflict stress test on UAF, averaged over three seeds. Acc. and W-F1 denote accuracy and
weighted F1, respectively. MAD denotes the Model-based Ambiguity Degree, while gT , gA, and gV denote the
mean text, audio, and video modality-gate activations, respectively.

label, so that the substituted non-verbal evidence
is label-consistent but semantically incompatible
with the original utterance. Noise audio instead
tests non-informative acoustic corruption, while
reverse video tests sensitivity to the temporal order
of sampled visual frames.

G.2 Prediction Distributions Under
Ambiguity and Conflict

Figure 2 examines the class distributions underly-
ing the human-disagreement and full A+V conflict
examples.

For the human-disagreement example, most
UAF probability mass is assigned to Happy with
Neutral as the principal alternative, which agrees
qualitatively with the two labels supported by the
annotators. This produces a comparatively diffuse
predictive distribution and MAD = 0.48. Under
the full A+V intervention, the clean distribution
is strongly concentrated on Sad, whereas the cor-
rupted distribution shifts toward Happy. Impor-
tantly, the resulting prediction is still comparatively
concentrated. Semantic conflict can therefore pro-
duce a confident alternative interpretation rather
than necessarily driving the model toward a near-
uniform distribution. This distinction is consis-
tent with MAD’s role as a model-based prediction-

dispersion signal rather than a perfect semantic-
conflict detector.

G.3 Fusion-Gate Responses Under Semantic
Conflict

We additionally inspect the sample-specific fusion
gates,

gi = σ
(︁
Wg[e

T ′
i ; eA′

i ; eV ′
i ] + bg

)︁
, (19)

where the three components correspond to text, au-
dio, and video. Because each value is generated
independently by a sigmoid, these quantities are
fusion activations rather than normalized modality
probabilities or explicit reliability estimates. The
wrong-audio example produces modest changes in
the learned fusion weights, with text and audio ac-
tivations decreasing slightly while the visual activa-
tion remains similar. Under full A+V conflict, the
text activation increases and the audio activation
decreases, while the visual activation also increases.
Therefore, the gate responses do not follow a sim-
ple rule in which corrupted modalities are always
downweighted. We interpret these activations only
as a diagnostic view of sample-specific modality
reliance, not as an explicit mechanism for detecting
corrupted inputs.
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Figure 2: Prediction distributions under ambiguity and semantic conflict. Left: UAF’s prediction distribution is
compared with the empirical annotator distribution for the human-disagreement sample. Right: clean and full
A+V-conflict UAF distributions are compared for the semantic-conflict example. The dominant class changes from
Sad to Happy while MAD increases from 0.16 to 0.33.
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Figure 3: Fusion-gate responses under semantic conflict. Clean and corrupted text, audio, and video gate activations
are shown for representative wrong-audio and full audio video conflict cases. The gates are independent sigmoid
fusion weights, not normalized reliability scores.

H Subspace Semantic Validation

The ablations in Table 2 show that each auxiliary
subspace contributes to performance, but do not
establish semantic specialization. We therefore
evaluate the subspaces using linear probing, di-
rect decorrelation analysis, and ambiguity-tiered
factor masking. These analyses support a conserva-
tive interpretation of the subspaces as a structured,
weakly supervised inductive bias rather than a for-
mally identifiable decomposition.

Linear probing. Own-target specialization is
consistent on CMU-MOSEI (3/3 seeds), partial
on IEMOCAP (2/3), and unsupported on MELD
(1/3). Overall, specialization is dataset-dependent,
with stronger evidence for temporal and modality-
related factors and weaker evidence for context.

Decorrelation. We directly evaluate the squared-
cosine objective in Eq. 1. On IEMOCAP, the

mean pairwise similarity is 0.0143, well below the
isotropic-null baseline of 0.0266, indicating lim-
ited subspace collapse.

CMU-MOSEI shows the strongest decorrelation,
with a mean pairwise similarity of 0.0043 com-
pared with the same 0.0266 null baseline.

On MELD, the mean similarity is 0.0152, also
below the null baseline, showing that the subspaces
do not collapse to a common direction.

An independent CKA analysis does not consis-
tently decrease with Lindep; for example, MELD
mean pairwise CKA increases from 0.570 to 0.709.
Thus, Lindep reduces its targeted batch-level simi-
larity measure, while broader representational re-
dundancy remains only partially resolved.

Ambiguity-tiered masking. Using the external,
MAD-independent ambiguity tiers from Section 7,
we mask {zc, zm} versus {zu, zτ} at inference.
On IEMOCAP, masking {zc, zm} shows the ex-
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Figure 4: Pairwise squared-cosine similarity between
UAF subspaces on IEMOCAP. Mean similarity is
0.0143, below the 0.0266 isotropic-null baseline.
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Figure 5: Pairwise squared-cosine similarity between
UAF subspaces on CMU-MOSEI. Mean similarity is
0.0043, indicating strong separation under the training
objective.

pected larger high-ambiguity drop on average, but
the effect is not seed-consistent (1/3); the high-
ambiguity subset is also small (n ≈ 22), so this
result is considered inconclusive.

On CMU-MOSEI, masking the ambiguity-
relevant factors {zc, zm} produces a larger high-
ambiguity accuracy drop than masking {zu, zτ},
with full seed consistency (3/3). MELD shows
the same pattern, with the larger high-ambiguity
degradation under {zc, zm} masking consistently
observed across all three seeds. The stronger effect
on the high-ambiguity tier relative to the low tier is
not universal across datasets, indicating that factor
relevance remains dataset-dependent.
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Figure 6: Pairwise squared-cosine similarity between
UAF subspaces on MELD. Mean similarity is 0.0152,
below the 0.0266 isotropic-null baseline.
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Figure 7: Ambiguity-tiered masking on IEMOCAP. The
expected high-tier effect appears on average but is not
seed-consistent.

H.1 Qualitative Ambiguity and
Semantic-Conflict Examples

We analyze IEMOCAP examples to show how
MAD handles natural ambiguity and cross-modal
conflicts. Figure 8 shows that MAD is low for a
confidently predicted sample with unanimous an-
notator agreement (MAD = 0.11), but increases
when annotators disagree and the model assigns
probability to multiple plausible emotions (MAD
= 0.48). This suggests that higher MAD can co-
incide with genuine human ambiguity, although
MAD is computed from the model prediction dis-
tribution. Figure 9 shows that semantic modal-
ity corruption also changes the prediction distribu-
tion. Replacing the audio changes the prediction
from Angry to Sad and raises MAD from 0.30 to
0.50, while replacing both audio and video changes
Sad to Happy and raises MAD from 0.16 to 0.33.
Notably, the corrupted prediction can remain rela-
tively concentrated even when the dominant class
changes. These examples show that MAD reflects
prediction-distribution dispersion under both natu-
ral ambiguity and semantic conflict, but does not
directly detect the source of that ambiguity.
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(a) Low-ambiguity agreement. (b) Human disagreement with high MAD.

Figure 8: Qualitative examples of natural ambiguity on IEMOCAP. (a) A low-ambiguity sample with unanimous
annotator agreement, correct Happy prediction (0.92), and MAD = 0.11. (b) A human-disagreement example with
annotations Happy/Neutral/Happy, prediction Happy (0.63), and MAD = 0.48.

(c) Wrong-audio semantic conflict.
(d) Full audio-video semantic conflict.

Figure 9: Qualitative semantic-conflict examples on IEMOCAP. (c) Wrong-audio replacement changes the clean
Angry prediction (0.78) to Sad (0.62) and increases MAD from 0.30 to 0.50. (d) Joint audio-video replacement
changes the clean Sad prediction (0.88) to Happy (0.75), while MAD increases from 0.16 to 0.33. Donor modalities
are natural samples with emotion labels incompatible with the target utterance.

2453


