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Abstract

Multimodal sentiment analysis (MSA) in real-
world scenarios is often challenged by dynam-
ically missing modalities. Existing methods
predominantly rely on deterministic imputation
and rigid alignment, which compels the model
to overfit noise in ambiguous regions while ne-
glecting the decision shift induced by modality
inertia. To address these issues, we propose a
novel uncertainty-calibrated elastic alignment
framework, termed EASE. Specifically, we em-
ploy probabilistic imputation to capture cross-
modal ambiguity and leverage the estimated
uncertainty to drive elastic alignment, thereby
adaptively relaxing constraints in ambiguous
regions to avoid rigid fitting. Meanwhile, we in-
troduce cross-view predictive consistency con-
straints to unify discriminative logic across dif-
ferent modality views, stabilizing the decision
boundary under modality degradation. Exten-
sive experiments demonstrate that EASE con-
sistently outperforms existing state-of-the-art
baselines across multiple benchmarks, exhibit-
ing exceptional robustness particularly under
high missing-rate scenarios.

1 Introduction

Multimodal Sentiment Analysis (MSA) leverages
complementary semantics across linguistic, acous-
tic, and visual modalities (Yang et al., 2023; Wang
et al., 2024; Zhou et al., 2025) to recognize human
emotions (Gandhi et al., 2023; He et al., 2026a).
However, in real-world scenarios, multimodal in-
puts are often dynamically incomplete (Li et al.,
2024b; He et al., 2026b). Factors such as sen-
sor malfunctions, environmental background noise,
or privacy masking inevitably induce uncertainty-
driven modality missingness. This often leads to
catastrophic performance degradation in models
trained on complete data (Zhang et al., 2024).
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Figure 1: Illustration of modality representation and pre-
diction challenges under missing modalities. (a) Forcing
uncertain imputed features to match precise targets leads
to a noisy forced fit. (b) Inconsistency between partial
and full views causes drastic fluctuations in sentiment
prediction (e.g., Happy — Sad).

Recently, meaningful progress has been made
in handling missing modalities via reconstruction
(Yuan et al., 2021; Guo et al., 2024), feature align-
ment (Li et al., 2024c), and uncertainty modeling
(Maetal., 2021; Zhu et al., 2025), which effectively
enhance robustness by restoring missing views or
learning latent distributions. Nevertheless, prior
works (Yuan et al., 2021) treat cross-modal comple-
tion as a deterministic one-to-one mapping, thereby
overlooking the intrinsic uncertainty of missing
modalities. Even when uncertainty (Lian et al.,
2023; Zhu et al., 2025; Li et al., 2024a) is consid-
ered, conventional approaches often enforce rigid
alignment constraints (e.g., KL divergence), which
compels the model to overfit stochastic errors as au-
thentic semantics within high-uncertainty regions.
Furthermore, these methods focus on feature-level
fidelity while neglecting decision-level predictive
consistency, failing to ensure stable discrimination
under dynamic modality shifts.
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Challenge I: The Rigid Alignment Dilemma.
A key issue lies in how prior methods handle am-
biguous cross-modal completion. The semantics
of missing modalities possess intrinsic ambigu-
ity. For instance, without acoustic intonation, the
same textual utterance acts as a one-to-many map-
ping, potentially corresponding to multiple emo-
tional tendencies. However, existing methods (Han
etal., 2021; Zhang et al., 2024) typically ignore this
stochasticity. As illustrated in Fig. 1(a), by employ-
ing point estimation coupled with rigid alignment,
they forcibly fit a single target within these seman-
tically ambiguous regions. Inevitably, the model
treats stochastic reconstruction noise as authentic
semantics. This not only distorts the feature space
but also induces the learning of spurious correla-
tions, thereby impairing classification performance.

Challenge II: Modality-Dependent Decision
Shift. Moreover, a critical disconnect persists at the
downstream decision level. As shown in Fig. 1(b),
even if feature alignment appears to converge, dy-
namic view switching still triggers decision insta-
bility. Due to modality inertia (i.e., an over-reliance
on strong modalities) (Peng et al., 2022; Fan et al.,
2023), the decision boundary drifts significantly
when the input degrades from full-modality to
partial-modality views. Existing methods (Wang
et al., 2022a; Zhu et al., 2025) overlook the pre-
dictive consistency, failing to maintain invariant
discriminative logic across different views. Conse-
quently, the model struggles to establish a unified
decision space, preventing completed features from
translating into robust predictive capability.

To address these challenges, we propose a novel
uncertainty-calibrated elastic alignment framework.
We reformulate feature imputation as a probabilis-
tic conditional density estimation problem, explic-
itly capturing the uncertainty inherent in ambigu-
ous cross-modal mappings. Building on this, we in-
troduce an uncertainty-adaptive elastic kernel in the
Reproducing Kernel Hilbert Space (RKHS), which
leverages the estimated confidence to modulate
alignment strength and mitigate noise overfitting.
Finally, we bridge the disconnect at the decision
level by imposing consistency constraints between
partial and full views, ensuring robust discrimina-
tion under varying missingness patterns. Our main
contributions are summarized as follows:

* We propose EASE, shifting from fixed impu-
tation to uncertainty-calibrated elastic adapta-
tion for robust dynamic missingness.

* We introduce Uncertainty-Calibrated Seman-
tic Alignment, which employs an uncertainty-
adaptive elastic kernel to dynamically modu-
late alignment strength, effectively preventing
rigid fitting in ambiguous regions.

* We design Modality-Invariant Predictive Con-
sistency to stabilize decision boundaries by
enforcing consistency across partial and full
modalities, counteracting modality inertia.

* Extensive experiments on MOSI, MOSEI
and SIMS demonstrate that EASE consis-
tently outperforms SOTA methods, exhibit-
ing superior robustness particularly in high-
missingness scenarios.

2 Related Work

2.1 Multimodal Sentiment Analysis

Multimodal Sentiment Analysis (MSA) integrates
text (He et al., 2025a,b), visual, and acoustic cues to
recognize emotions. Prior works (Han et al., 2021;
Yang et al., 2023; Fang et al., 2025a,b) enhance rep-
resentation learning via noise-robust cross-modal
interaction modeling and often uses language as
a semantic anchor (Wu et al., 2021; Zhang et al.,
2023a). For real-world dynamic missingness, exist-
ing methods mainly rely on reconstruction (Yuan
et al., 2021) or distillation (Li et al., 2024c), with
additional reliability modeling (Zhang et al., 2024)
and prompt-based adaptation (Guo et al., 2024) to
handle noise (Zhu et al., 2025; Li et al., 2025a).
Despite these advances, most methods depend on
deterministic reconstruction and rigid alignment,
which over-constrain ambiguous regions and fail
to ensure cross-view decision stability. Meanwhile,
large language models (Sun et al., 2025b,a; Ai
et al., 2025; Feng et al., 2025, 2026; Li et al.,
2025b)s have been extended to multimodal sen-
timent analysis (Cheng et al., 2024), yet they still
implicitly assume complete inputs and lack explicit
uncertainty quantification under missing modalities.
We propose EASE, which combines uncertainty-
driven elastic alignment with predictive consistency
constraints for robust inference.

2.2 Multimodal Alignment Learning

Multimodal alignment learning constructs a seman-
tic bridge that maps heterogeneous modalities into
a shared representation space. Beyond instance-
level matching, recent works increasingly adopt
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geometric and distribution-level objectives, includ-
ing mutual information maximization (Dufumier
et al., 2025), optimal transport (Chen et al., 2024;
Rho et al., 2025), and hypergraph learning for high-
order relations (Gu and Wang, 2025). For incom-
plete inputs, existing methods typically rely on fea-
ture generation (Dai et al., 2025), retrieval augmen-
tation (Pipoli et al., 2025), and parameter-efficient
adaptation (Reza et al., 2025). However, they of-
ten enforce alignment as a deterministic hard con-
straint, pulling unreliable imputations too aggres-
sively. In contrast, we propose elastic alignment
that calibrates alignment strength with uncertainty,
thereby avoiding rigid constraints under inherent
cross-modal ambiguity.

3 Methodology

Fig. 2 illustrates the key components and workflow
of our proposed EASE framework. EASE performs
probabilistic cross-modal completion, calibrates
alignment strength via uncertainty, and enforces
cross-view predictive consistency to stabilize deci-
sions across partial and full modality views.

3.1 Problem Formulation

Consider a dataset D = {(x;,y;)}Y,, where x; =
{27 }imeft,v,qy denotes the aligned multimodal fea-
tures and y; the sentiment label. To simulate dy-
namic missingness, we apply a random mask M;
to generate incomplete views x; = Mask(x;; M;).
Our goal is to learn a mapping f : X; — y; robust
to varying missingness patterns.

3.2 Uncertainty-Aware Cross-Modal
Imputation (UCMI)

Traditional imputation methods typically rely on
deterministic point estimation, thereby overlook-
ing the intrinsic ambiguity of cross-modal mapping
(e.g., a single textual utterance may correspond to
diverse acoustic tones). Inspired by uncertainty esti-
mation (Wang et al., 2022b; Hao and Zhang, 2023),
we propose Uncertainty-Aware Cross-Modal Impu-
tation (UCMI), which reformulates the imputation
task as a conditional density estimation problem.
Given an available source modality x4 and a
missing target modality xp, we first extract the
modality-specific feature z4 via a Transformer
backbone (Vaswani et al., 2017). To bridge the
modality gap, we project z 4 into a common seman-
tic space via a learnable projection head, yielding
the context representation h. Instead of generat-
ing a deterministic vector Zp, we employ hc to

model the latent target as a conditional Gaussian
distribution g4 (2p|hci) and predict its parameters:

pp = Fulhex) (M
o3 = Softplus(F, (hex)) + € 2)

where F,, and F, are projection heads, yielding
the completion distribution:

a6 (28]%) = N (pp, diag(o%)) 3)

Here, the mean p 5 captures representative se-
mantics, while the variance 0'23 reflects the unique
information of the missing modality that is not ex-
plained by the observed ones.

During training, we supervise this probabilistic
completion process using the ground truth features
ngt corresponding to the complete samples. We
optimize by minimizing the negative log-likelihood
of the ground truth features under the predicted
distribution, detailed in Appendix B.1:

ACucmi = _E(x,y)ND I:IOg qib(zgt ‘ i)]

1

D gt 2
L9t
-5 S (log(2mo% ) + (25,0 — p8.4)”
=1

2
OB,d

) “

Notably, while P-RMF (Zhu et al., 2025) uses
Gaussian embeddings mainly for feature fusion,
we leverage the learned variance 0'23 as a cali-
bration signal. It is further propagated to mod-
ulate alignment strength, preventing noise from
high-uncertainty regions from contaminating down-
stream representations.

3.3 Uncertainty-Calibrated Semantic
Alignment (UCSA)

Generated features under missing-modality settings
exhibit heterogeneous uncertainty. However, stan-
dard objectives such as MSE (Lian et al., 2023; Zhu
et al., 2025) or KL divergence (Li et al., 2024a) im-
pose uniform, rigid constraints, forcing the model
to fit reconstruction targets regardless of reliability.

To remedy this, we propose Uncertainty-
Calibrated Semantic Alignment (UCSA), which
leverages uncertainty as a reliability cue to adap-
tively modulate alignment strength. UCSA en-
ables elastic alignment at both the distributional
level and the class-semantic level, preventing over-
constraining in ambiguous regions while preserv-
ing semantic consistency.

Uncertainty-Adaptive Distributional Alignment.
Given the completed feature Z and sample-level
uncertainty u; = % |2 ||1, we align the completed
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Figure 2: The overall architecture of our proposed model EASE.

feature distributions IP; and the real feature distri-
bution P, via a novel uncertainty-adaptive kernel
in the Reproducing Kernel Hilbert Space (RKHS)
(Berlinet and Thomas-Agnan, 2011):

ll2i — 211> )
27‘2 . 1/J(ui7 ﬁj)

We regulate the alignment receptive field via a
dynamic bandwidth ¢):

K:ua(ziv 2]) = exp <_ (5)

Ql)(ui,’llj) = 1+a-Mean(ui,ﬁj) (6)

Specifically, higher uncertainty (u 1) triggers
bandwidth expansion, widening the admissible
neighborhood for generated features, whereas
lower uncertainty induces contraction to enforce
stricter alignment. This shifts the optimization ob-
jective from rigid point-to-point matching to elastic
distributional overlapping. Based on this adaptive
kernel, we minimize the Cauchy-Schwarz (CS) di-
vergence (Principe et al., 2000; Yin et al., 2025):

Zi,j ICua(Ziy 2])
\/Ei,j Icua(ziv Zj) : Zi,j K““(éi’ 21)
@)

Semantic Anchor Alignment. Given that bound-
aries between different sentiment classes are inher-
ently fuzzy, relying solely on distributional align-
ment is insufficient to ensure that generated fea-
tures maintain consistency within class semantics
(Wen et al., 2016). Therefore, we explicitly model
the class-conditional feature distribution to provide
a stable semantic reference.

Lyada = —log

We explicitly model each sentiment class as a
Gaussian anchor P, = N(u,, X) and constrain
the completion distribution Q = N (%, ) to con-
verge towards its target. The detailed derivation is
given in Appendix B.2. The objective is derived
from the analytical CS divergence:

2+ 3,

V122122,

Distribution Shape Term

+(z-p) E+3,) (2-n,)

Lanchor = DCS(QHPZJ) = IOg

®

Semantic Centrality Term

Notably, the inverse covariance term (34 3y)”
functions as an adaptive gating mechanism: high
uncertainty inherently attenuates the penalty on the
semantic distance. In synergy with uncertainty-
adaptive distributional alignment, this ensures elas-
tic semantic consistency. The overall alignment
objective is formulated as:

['uada + B Eanchor ©

['align =

where 37 is hyperparameter.

3.4 Modality-Invariant Predictive Consistency

Recent studies (Wei et al., 2024; Fan et al., 2023,
2024) reveal that multimodal models often exhibit
an over-reliance on dominant modalities. When
inputs degrade from full to partial views, this de-
pendency is disrupted, causing the classifier to de-
viate from established decision paths and leading
to significant predictive instability (Ma et al., 2021;
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Zhang et al., 2024). To address this, we propose
Modality-Invariant Predictive Consistency (MIPC),
which enforces consistent predictive distributions
across views, thereby decoupling the model’s de-
pendence on specific modality combinations.

Symmetric Modality Consistency. Let pgs) =
f (zgs)) denote the output probability distribution
of the classifier for a modality subset S. To ensure
the stability of sentiment prediction under differ-
ent missing patterns, we constrain any two views
S1, 82 C {t,a,v} of the same sample to maintain

predictive consistency:

Leons = Esy .5, [KL(p(Sl) I p(SQ)):| (10)

This constraint penalizes drastic fluctuations in
the prediction distribution during view switching,
thereby counteracting the boundary drift caused by
dynamic missingness at the decision level.

Asymmetric Distillation via Full-Modality An-
choring. Considering that the full-modality view
Stun typically contains the most complete semantic
information, we treat it as a highly reliable seman-
tic anchor. Through an asymmetric constraint, we
guide any incomplete view S, towards the full-
modality decision boundary:

Lasym = Escsyy [KLEE [ see®0)]  ap

where sg(-) denotes the stop-gradient operation.
This mechanism effectively injects stable decision
knowledge from the full view into the partial views
laden with uncertainty. The final consistency regu-
larization term is:

Leonsist = Lcons + Lasym 12)

3.5 Optimization Objective

The EASE framework is trained jointly in an end-
to-end manner. The total optimization objective
is composed of the task prediction loss and the
aforementioned losses:

Liotal = Lrask + A1 Lyemi + )‘2£align + AsLeonsist (13)
where Ly, is the standard cross-entropy loss, A;
controls the strength of the imputation supervision,

Ao weights the semantic alignment regularization,
and A3 scales the predictive consistency constraint.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct experiments and analysis
on three widely used benchmarks: MOSI (Zadeh

et al., 2016), MOSEI (Bagher Zadeh et al., 2018),
and SIMS (Yu et al., 2020). Detailed dataset de-
scriptions are provided in Appendix A.1.

Evaluation Metrics. We employ Acc-2, Fl
scores, MAE, and Corr across all datasets, sup-
plemented by Acc-7 for MOSI/MOSEI and Acc-
3/Acc-5 for SIMS. For binary metrics (Acc-2, F1
scores), we report results for both non-negative and
positive class definitions (denoted as ‘-/-’). De-
tailed definitions are provided in Appendix A.2.

Implementation Details. Final performance is
averaged over all missing rates. Models are trained
for 200 epochs with a batch size of 64 on a single
NVIDIA RTX 4090 GPU. More details are pro-
vided in Appendix A.3.

4.2 Baselines

We conduct a fair and comprehensive compari-
son against state-of-the-art baselines, which cover
complete-modality methods, including MISA (Haz-
arika et al., 2020), Self-MM (Yu et al., 2021),
MMIM (Han et al.,, 2021), CENET (Wang
et al., 2022a), TETFN (Wang et al., 2023), and
ALMT (Zhang et al., 2023b), as well as missing-
modality methods, including TFR-Net (Yuan et al.,
2021), LNLN (Zhang et al., 2024), P-RMF (Zhu
et al., 2025), and TF-Mamba (Li et al., 2025a).
Baseline details are provided in Appendix A.5.

4.3 Robust Comparison

Robustness Analysis against Intra-modal Miss-
ingness. To evaluate robustness against intra-
modality missingness, we apply random masking
with missing rates {0,0.1,...,0.9} and report the
average performance across all rates. Tables 1
and 2 summarize the results on MOSI, MOSEI,
and SIMS. Overall, EASE achieves state-of-the-art
(SOTA) or highly competitive performance across
multiple metrics.

As shown in Table 1, on the MOSI, EASE
achieves an Acc-2 of 73.60%, yielding a 1.46%
relative improvement over the strong baseline TF-
Mamba (72.54%). Moreover, EASE consistently
improves regression metrics, reducing MAE from
1.035 to 0.995 (3.86%) and increasing Corr from
0.548 t0 0.573 (4.56%). These results demonstrate
that leveraging variance signals to suppress unre-
liable imputed features effectively mitigates noise
from missing data and enhances predictive stability.
Full results are provided in Appendix C.1.
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Model MOSI MOSEI

Acc-21 F11 Acc-57  Acc-7t MAE| Corrt Acc-27 F11 Acc-57  Acc-7t MAE] Corr?
MISA 70.33/71.49 70.00/71.28  33.08 2985 1.085 0.524 75.82/71.27 68.73/63.85 3939  40.84 0.780 0.503
Self-MM 69.26/70.51 67.54/66.60 34.67 2955 1.070 0.512 77.42/73.89 72.31/68.92 4538 44770  0.695 0.498
MMIM 67.06/69.14  64.04/66.65  33.77 31.30  1.077 0.507 75.89/73.32 70.32/68.72 41.74  40.75  0.739 0.489
CENET 67.73/71.46 64.85/68.41  37.25 30.38  1.080 0.504 77.34/74.67 74.08/70.68 47.83  47.18 0.685 0.535
TETEN 67.68/69.76  63.29/65.69 3434 3030 1.087 0.507 67.68/69.76 63.29/65.69 47.70  30.30  1.087 0.508
TFR-Net 66.35/68.15 60.06/61.73  34.67  29.54  1.200 0.459 77.23/73.62 71.99/68.80 34.67 46.83  0.697 0.489
ALMT 68.39/70.40 71.80/72.57 33.42  30.30 1.083 0.498 77.54/76.64 78.03/77.14 41.64 4092 0.674 0.481
LNLN 70.94/72.55 71.25/72.773 3827 3426 1.046 0.527 78.19/76.30 79.95/77.77 46.17 4542  0.692 0.530
P-RMF 71.53/72.81 71.69/72.93 38.50  34.19 1.038 0.525 78.83/78.14 80.39/79.33 45.87 44.63 0.658 0.589
TF-Mamba 72.54/73.46 72.57/73.59 37.74 3395 1.035 0.548 77.61/77.34 77.43/77.18 46.64 45.66 0.673 0.578
EASE 73.60/74.71 73.66/74.79 39.57 3575 0.995 0.573 79.43/79.14 80.04/79.67 47.69 46.17 0.645 0.610

Table 1: Robustness comparison of the overall performance on the MOSI and MOSETI datasets under intra-modal
missingness, simulated via random masking with missing rates {0,0.1,...,0.9}. Refer to Sec. 4.3.

Model Acc-21  FI11  Acc-31 Acc-51 MAE| Corrt
MISA 7271  66.30  56.87 31.53  0.539 0.348
Self-MM 72.81 6843 56.75 3228  0.508 0.376
MMIM 69.86 6621 52.76 31.81 0.544 0.339
TFR-Net 68.13 58.70 52.89 26.52  0.661 0.169
CENET 68.13 5790 53.17 2229  0.589 0.107
ALMT 69.66 7276  45.36 20.00 0.561 0.364
LNLN 7273 7943 57.14 3464 0514  0.397
P-RMF 73.64 7465 54775 3483 0.500 0414
TF-Mamba 74.68 72.20 55.51 3446 0512 0.386
EASE 7472 75.13 58.08 3562 0.486 0.451

MOSI

MOSEI

Table 2: Robustness comparison on the SIMS dataset
under intra-modal missingness. Details in Sec. 4.3.

As detailed in Table 2, EASE demonstrates sig-
nificant improvements on the SIMS dataset. Com-
pared to TF-Mamba (Li et al., 2025a), EASE im-
proves F1 and Acc-3 by 4.05% and 4.63%, respec-
tively, validating its robustness under varying noise
intensities and missingness conditions. Notably,
EASE does not achieve the highest F1 score on
SIMS. However, observing Fig. 3(e) and (f) re-
veal an anomaly: the F1 score of LNLN(Zhang
et al., 2024) counter-intuitively rises as the miss-
ing rate increases, while its MAE fails to show a
corresponding reduction. This suggests that LNLN
exhibits bias in missing scenarios; the model likely
maintains superficial performance by defaulting
to the majority class, rather than learning stable,
cross-view predictive patterns.

Fig. 3 illustrates the performance trajectories
across varying missing rates. While performance
universally degrades as missingness increases,
EASE (red line) exhibits the most graceful degra-
dation trend. Even in high-missingness intervals
(MR > 0.6), EASE maintains a superior perfor-
mance floor (e.g., F1 on MOSEI and SIMS), under-
scoring its capability to robustly model the uncer-
tainty introduced by missing modalities.

00 02 04 06 08 00 02 04 06 08
Missing Rate Missing Rate

(@) © (©)

MAE
MAE

00 02 04 06 08 00 02 04 06 08 00 02 04 06 08
Missing Rate Missing Rate Missing Rate
(b) (@ (0]
~— LNLN
TFR-Net

—=—EASE —— P-RMF TF-Mamba
—+—MMIM —— MISA —— Self-MM

ALMT
—— CENET

Figure 3: Performance curves under varying random
missing rates across MOSI, MOSEI, and SIMS datasets.
Best viewed in color. Please refer to Sec. 4.3.

Robustness Analysis against Inter-modal Miss-
ingness. Following prior studies (Zhang et al.,
2024; Li et al., 2025a), we conduct experiments
under conditions where only partial modality sub-
sets m € {l}/{a}/{v}/{l,a}/{l,v}/{a,v} are
retained as inputs, and report the averaged results
across these settings.

As shown in Table 3, EASE achieves state-of-
the-art or competitive performance across the ma-
jority of metrics, demonstrating robust generaliza-
tion capabilities. On MOSI, compared to the latest
baseline P-RMF, EASE improves Acc-2 and Acc-5
by 3.86% and 6.16%, respectively. Furthermore,
it attains the best MAE and Corr, indicating that
EASE maintains reliable regression consistency
even when key modalities are absent. Similarly, on
MOSEI, EASE achieves superior performance in
metrics such as Acc-5, MAE, and Corr.

We note that although P-RMF (Zhu et al., 2025)
and LNLN exhibit a slight F1 advantage, their ele-
vated MAE and Corr suggest a suboptimal trade-
off : overfitting classification boundaries at the ex-
pense of the fidelity of fine-grained sentiment inten-
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Model MOSI MOSEI

Acc-21 Fi1 Acc-57  Acc-7t MAE] Corrf Acc-27 Fi1 Acc-51 Acc-7T MAE| Corrt
MISA 67.28/67.64 64.31/64.81 31.77 2944 1.096 0.462 75.49/73.94 71.31/66.65 40.32 4145 0.752 0438
Self-MM 68.17/70.75 61.91/63.71 35.61  29.75 1.052 0450 75.86/74.12 71.82/67.00 46.06  42.67 0.694 0.447
MMIM 65.12/68.35 58.28/63.38 33.74  31.28 1.059 0.444 75.45/73.19 70.18/68.12 42.54 4136  0.733  0.449
CENET 66.67/70.38 58.61/62.66 3395  30.30 1.069 0451 74.15/73.45 70.37/68.44 43.19 4241 0.694 0470
TETEN 68.15/70.17 60.18/62.47 3550  32.67 1.061 0.446 75.74/73.87 71.46/66.71 4342 4253  0.690 0.429
TFR-Net 67.96/70.50 60.09/62.88 3497  29.77  1.177 0451 75.92/73.51 71.28/66.89 43.09 4233  0.701 0427
ALMT 67.47/70.53 73.35/75.90 30.74  27.87 1.130 0.447 63.38/60.66 71.24/70.64 2746 2594 0.711 0.355
LNLN 65.64/68.53 69.66/72.02 34.86  31.94 1.094 0424 77.05/73.53 83.20/80.85 44.50 43.86 0.733 0425
P-RMF 68.14/69.41 76.21/76.72 3445  31.64 1.072 0433 76.81/73.34 82.76/79.62 4430  42.67 0.696 0.469
TF-Mamba 69.31/68.51 68.57/67.65 33.58  29.78  1.147 0439 72.59/75.00 69.90/71.65 4491 4420 0.738 0.439
EASE 70.45/72.10 73.99/76.11 3717  33.59 1.035 0473 76.86/75.79 82.81/80.96 46.95 44.77  0.682 0.487

Table 3: Performance comparison on the MOSI and MOSEI datasets under inter-modal missingness, including
modality settings m € {I}/{a}/{v}/{l,a}/{l,v}/{a,v}. Please see details in Sec. 4.3.

Visual (KS=0.083)

Acoustic (KS=0.076)

7/ Empirical Residuals
I == Theoretical A0, 1)

1
1 \
[/ A
\

/'

Empirical Residuals

— = Theoretical A0, 1)

| MOSI MOSEI SIMS
Model
Fl1t Acc-51 | Fl1t Acc-51 | FIT Acc-51
Ablation Study
EASE 73.66/74.79  39.57 | 80.04/79.67 47.69 | 75.13 35.62
w/o UCMI | 72.15/72.98 37.26 | 78.41/78.07 4534 | 73.25 33.29
w/o UCSA | 72.80/73.84  38.65 | 79.12/78.90 46.58 | 7429 34.87
w/io MIPC | 72.67/73.41  38.02 | 78.89/78.74 46.13 | 74.06 34.54
wio ALL | 71.47/72.38  36.53 | 77.65/78.09 44.67 | 72,70  32.60
Ablation on Loss Components
EASE 73.66/74.79  39.57 | 80.04/79.67 47.69 | 75.13 35.62
WI0 Lyaga | 73.14/74.23  39.06 | 79.51/79.34  46.90 | 74.67 35.14
WO Lanchor | 72.95/73.96  38.81 | 79.29/79.03  46.68 | 74.40  35.01
W0 Leons | 73.15/73.92 3877 | 79.43/78.88  46.73 | 74.45 35.06
W/0 Lagym | 72.88/73.68  38.40 | 79.11/79.06 46.39 | 74.12  34.84
Table 4: Ablation studies of the key componets and

different loss terms in EASE. Refer to Sec. 4.4.

sity prediction. In contrast, EASE strikes a more
effective balance between classification perfor-
mance and regression stability. Full results are
provided in Appendix C.2.

4.4 Ablation Studies

To verify the effectiveness of each component, we
conduct a comprehensive ablation study. As sum-
marized in Table 4, removing any individual mod-
ule within EASE results in a degradation of overall
performance. Specifically, w/o UCMI causes the
most severe deterioration across all datasets (e.g.,
a 1.81% drop in Acc-2 on MOSI), validating the
necessity of utilizing variance signals to suppress
noise interference. Similarly, the absence of UCSA
and MIPC leads to consistent performance declines,
providing strong empirical support for the effective-
ness of elastic alignment and predictive consistency
in enhancing noise adaptation capabilities. The sub-
stantial gap between EASE and the baseline back-
bone (‘w/o ALL’) further attests to the synergistic
efficacy of the overall architecture.

We further dissect the contributions of specific
loss terms. Both distributional alignment (Lya4,)
and anchor constraints (Lanchor) prove to be indis-
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Figure 4: Statistical validation of uncertainty estimation
on the MOSEI test set. Refer to Sec. 4.5.

pensable. Notably, removing results in a more
pronounced drop in F1 scores, suggesting that
class-conditional anchors effectively prevent fea-
ture drift in high-uncertainty regions induced by
missing modalities. Furthermore, the exclusion of
the asymmetric constraint (Lysym) leads to a signifi-
cant decline in Acc-5, highlighting the necessity of
leveraging the full-modality view as a reliable su-
pervisor to guide the learning of incomplete views.

As shown in Table 6, single-modality ablations
confirm that while all modalities contribute posi-
tively. The removal of language causes the most
severe degradation, highlighting the inherent am-
biguity of audio-visual signals in constraining se-
mantic inference, which is consistent with Fig. 5.
Please see details in Appendix C.3.

4.5 In-depth Analysis

Uncertainty Estimation Verification. To ensure
the predicted variance is a reliable indicator of miss-
ing modality uncertainty, we examine the distri-
bution of standardized residuals. Ideally, a well-
calibrated model produces residuals that follow
N(0,1). As shown in Fig. 4, the residual distribu-
tions for both acoustic and visual modalities largely
overlap with the standard normal density, suggest-
ing that the model is neither over-confident nor
under-confident. Quantitatively, the robustness of
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Figure 5: Elastic Alignment Visualization on MOSEI. Sorted by reconstruction difficulty, the plot contrasts the rigid
baseline (dashed) with EASE (points), where vertical drops indicate uncertainty-driven penalty. Refer to Sec. 4.5.
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Figure 6: Visualization of the MIPC module’s impact on (a) distribution-level stability and (b) instance-level
predictive consistency on the MOSEI dataset. Best viewed in color. Refer to Sec. 4.5 for details.

this alignment is further confirmed by the low Kol- Model  Params Time/Epoch Acc-7
mogorov—Smirnov statistics of 0.076 and 0.083, re- SelfMM  122M 42 65 4538
spectively. These metrics support the validity of the LNLN 116M 24.0s 46.17
Gaussian assumption underlying our UCMI mod- P-RMF  117M 18.0s 45.87
ule and confirm that the generated variance is sta- EASE 116M 7.9s 47.69

tistically meaningful. We provide a further discus-

sion on the theoretical suitability in Appendix B.1. ~ Table 5: Comparison of parameters, computational ef-
ficiency and Acc-7 performance on the MOSI dataset

Effect of Elastic Alignment. To verify the effi- .. s different baselines.
cacy of elastic alignment, we visualize the effective
alignment penalty versus reconstruction difficulty
in Fig. 5 (Appendix A.6). Three insights emerge: @
The rigid baseline (dashed) retains a high penalty
floor even for easy samples, indicating substantial
irreducible noise in multimodal data. @& EASE
globally relaxes alignment strength via the dy-
namic bandwidth ¢ (green shaded region), acting
as a soft filter that reduces overfitting to ambiguous
or noisy residuals. ® For the Language modality,
EASE sharply lowers the penalty to ~ 0.4, reflect-
ing adaptive recognition of high aleatoric uncer-
tainty when inferring text from audio-visual cues
(Appendix A.6). This relaxation prevents fitting
non-informative noise while preserving semantic

butions of completed and observed inputs, signifi-
cantly reducing the Wasserstein Distance (0.1748
— 0.0288). This confirms that MIPC effectively
suppresses distribution shifts induced by missing
modalities. At the instance level (Fig. 6b), MIPC
promotes tighter clustering around the diagonal, in-
creasing the Pearson correlation (0.6153 — 0.7328)
while improving MAE to 0.398. Collectively, these
results indicate that MIPC not only enhances stabil-
ity in a statistical distributional sense but also rigor-
ously constrains predictive discrepancies between
completed and observed views at the instance level.

X ) Efficiency and Sensitivity Analysis. We further
COHSIStenf:y' We .conduct the.same exp e?rlments O evaluate the computational efficiency and hyperpa-
MOSI, with detailed results in Appendix C.4. rameter sensitivity of EASE. As shown in Table 5,
Visualization of Predictive Consistency. To fur- EASE achieves the best Acc-7 (47.69) on MOSI
ther validate MIPC, we conduct a multi-level vi-  with 116.5M parameters, comparable to LNLN
sualization analysis on MOSEI (Fig. 6). As illus- (116M) and P-RMF (117M), while requiring only
trated in Fig. 6a, MIPC aligns the prediction distri-  7.9s per epoch—a ~3.0x speedup over LNLN
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Figure 7: Sensitivity analysis on the MOSEI dataset.

and ~5.4x over SelfMM, demonstrating a favor-
able efficiency—performance trade-off. For sensi-
tivity, we independently vary each loss weight in
Eq. 13 across {0.05,0.1,0.2,0.5,1,2}. As shown
in Fig. 7, both Acc-5 and MAE on MOSEI remain
stable within A € [0.1, 1], confirming that EASE
does not rely on fragile hyperparameter tuning. The
distinct optima (A1=0.5, A\2=0.2, A3=0.5) sug-
gest that imputation and consistency benefit from
moderately strong supervision, while elastic align-
ment should be applied more gently to avoid over-
constraining uncertain features.

5 Conclusion

In this paper, we proposed EASE to address the
challenges of intrinsic feature ambiguity and deci-
sion instability in real-world MSA. By modeling
missingness as a probabilistic problem, our frame-
work enables uncertainty-guided elastic alignment,
which adaptively relaxes constraints in ambiguous
regions to avoid noise overfitting. Additionally, we
enforce cross-view predictive consistency to stabi-
lize decision boundaries against dynamic modal-
ity shifts. Extensive experiments on benchmark
datasets demonstrate that EASE effectively miti-
gates performance degradation under uncertainty,
consistently outperforming SOTA methods.
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Limitations

Despite the improvements of EASE, several lim-
itations remain. First, due to computational
constraints, we referenced baselines from recent
benchmarks (Zhang et al., 2024) rather than re-
implementing all methods, following identical
splits and protocols for fairness (Appendix C.1).

Second, EASE’s gains are less pronounced un-
der low missingness, where uncertainty calibration
overhead may outweigh its benefits (Appendix C.1).
Third, our method targets offline settings and does
not handle streaming or temporally correlated miss-
ing patterns, which we leave for future work. Fi-
nally, while EASE is evaluated on multimodal senti-
ment analysis, its applicability to other multimodal
understanding tasks, such as stance detection (Ding
et al., 2025), remains unexplored. We leave the ex-
tension to these broader tasks and online scenarios
for future work.
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A Experimental Setup

In this section, we provide a comprehensive de-
scription of the experimental setup. Specifically,
we elaborate on the dataset characteristics, intro-
duce the baseline models used for comparison, and
specify the implementation details, along with the
experimental designs for our in-depth analysis.

A.1 Datasets

We evaluate EASE on three multimodal sentiment
analysis benchmarks that differ in language, scale,
and annotation granularity. MOSI (Zadeh et al.,
2016) contains 2,199 opinion video clips from
YouTube with sentiment scores in [-3, +3], serving
as a compact benchmark for robustness under lim-
ited data. MOSEI (Bagher Zadeh et al., 2018) ex-
tends MOSI to 22,856 segments across 250 topics
with richer speaker diversity, enabling evaluation
of generalization under missing-modality settings.
SIMS (Yu et al., 2020) is a Chinese dataset of 2,281
clips with sentiment scores in [-1, +1], introducing
cross-lingual and cross-cultural challenges.

A.2 Evaluation Metrics

To ensure statistical reliability and a rigorous com-
parison with existing benchmarks, we adhere to
standard MSA protocols. All reported results rep-
resent the average performance initialized with dif-
ferent random seeds.

Regression and Continuous Evaluation. We
employ Mean Absolute Error (MAE) and Pear-
son Correlation (Corr) to evaluate the model’s ca-
pability in predicting continuous sentiment inten-
sity. MAE quantifies the average magnitude of
errors between predicted and ground-truth scores,
where lower values indicate superior performance.
Conversely, Corr measures the linear relationship
between predictions and targets, with higher val-
ues reflecting a better capture of relative sentiment
trends.

Classification Standards. Regarding classifica-
tion, we adopt metrics tailored to the granularity
of each dataset. For the English datasets (MOSI
and MOSEI), we report 7-class accuracy (Acc-7) to
assess performance across the full sentiment spec-
trum from —3 to 43, as well as 5-class accuracy
(Acc-5). For binary classification, following estab-
lished conventions (Yu et al., 2021; Zhang et al.,
2024), we report Binary Accuracy (Acc-2) and F1
scores in two distinct configurations, denoted in

tables as “Non-negative / Positive”. The value on
the left corresponds to a standard classification sep-
arating Negative (< 0) from Non-negative (> 0)
samples, thereby including neutral instances in the
positive class. The value on the right represents
a stricter classification separating Negative (< 0)
from Positive (> 0) samples, where neutral (zero-
valued) instances are explicitly excluded from the
evaluation. For the Chinese dataset (SIMS), in ad-
dition to the binary metrics described above, we
further include 3-class accuracy (Acc-3) for Nega-
tive/Neutral/Positive classification and 5-class ac-
curacy (Acc-5) for fine-grained analysis.

A.3 Implementation Details

To ensure a fair comparison, we align our evalu-
ation settings with the robust protocols in prior
work LNLN (Zhang et al., 2024). We assess
model performance under two distinct missingness
paradigms: random missingness (Intra-Modality)
and fixed missingness (Inter-Modality).

We systematically evaluate the resilience of our
proposed EASE by varying the missing rate M R
from 0 to 0.9 with a step size of 0.1. This setting
simulates continuous varying degrees of data in-
completeness. We further evaluate performance
under specific modality-missing scenarios to test
robustness in extreme cases. Specifically, we test
on all possible incomplete subsets, including {l},
{a}. {v}. {L,a}. {1, v}, {a,v}.

We implement EASE using the PyTorch frame-
work. All models are trained for 200 epochs with
a batch size of 64 using the Adam optimizer, a
fixed learning rate of e, and a single NVIDIA
RTX 4090 GPU. The EASE framework is trained
in a stage-wise manner, and all hyperparameters
are tuned on the validation set. Unless otherwise
specified, we set A} = 0.5, Ao = 0.2, A3 = 0.5,
and 7 = 0.02, which yields stable convergence
across all datasets.

A.4 Feature Extraction

To guarantee rigorous benchmarking against SOTA
approaches, we align our experimental setup with
the MSA evaluation protocol (Wang et al., 2023;
Li et al., 2025a), utilizing their standardized pre-
computed features. The extraction details for each
modality are outlined as follows:

Text Modality. Linguistic features are obtained
using the BERT-base-uncased model (Devlin
et al., 2019) for the English datasets (MOSI and

5280



MOSEI) and BERT-base-chinese for SIMS. We
maintain a unified feature dimension of 768 across
all tasks, with input sequences truncated to lengths
of 50 for MOSI/MOSETI and 39 for SIMS.

Audio Modality. Acoustic signals in MOSI and
MOSEI are processed via COVAREP (Degottex
et al., 2014) to extract 5 and 74 low-level acoustic
features, including pitch and MFCCs. The input
sequence lengths are 375 and 500, respectively. For
SIMS, we employ Librosa(McFee et al., 2015) to
extract 33-dimensional features with a sequence
length of 400.

Visual Modality. For the English datasets, Facet
is applied to encode facial behaviors (e.g., Action
Units), yielding feature dimensions of 20 (MOSI)
and 35 (MOSEI), both aligned to a length of 500.
Conversely, visual features for SIMS are extracted
using OpenFace 2.0 (Baltrusaitis et al., 2016), pro-
ducing 709-dimensional vectors with a sequence
length of 55.

A.5 Baselines

To verify the effectiveness of our proposed method,
we conduct a comprehensive comparison against a
diverse set of advanced baselines.

Complete-Modality Methods. These approaches
focus on sophisticated fusion mechanisms to maxi-
mize multimodal information interaction:

MISA (Hazarika et al., 2020): projects features
into modality-invariant and -specific subspaces to
learn a holistic view of the data.

SelfMM (Yu et al., 2021): generates unimodal
labels for joint multi-task training to enhance the
capture of modality-specific cues.

MMIM (Han et al., 2021): maximizes mutual
information in unimodal pairs and fusion results to
preserve task-relevant information.

CENet (Wang et al., 2022a): embeds non-verbal
cues into pre-trained language models via feature
transformation to enhance text representations.

TETFN (Wang et al., 2023): utilizes text-guided
attention and cross-modal mappings to capture sen-
timent cues while retaining modality-specific pre-
dictions.

ALMT (Zhang et al., 2023b): incorporates a
hyper-modality learning module to suppress irrele-
vant noise under the guidance of language features.

Missing-Modality Methods. To evaluate perfor-
mance under realistic scenarios with data loss, we

compare against robust frameworks that employ
reconstruction or adaptation strategies:

TFR-Net (Yuan et al., 2021): generates missing
features via a Transformer-based reconstruction
network supervised by Smooth L1 Loss.

LNLN (Zhang et al., 2024): employs a language-
dominated framework with dominant-modality cor-
rection to handle noisy or missing data.

P-RMF (Zhu et al., 2025): maps unimodal data
to Gaussian latent spaces to learn stable representa-
tions via proxy-driven fusion.

TF-Mamba (Li et al., 2025a): utilizes text-
aware enhancement and text-guided Mamba mod-
ules to efficiently model long sequences with miss-
ing modalities.

A.6 Elastic Alignment Experiments

Experimental Setup. First, we utilize the pre-
trained EASE model to extract the completed fea-
tures z and their corresponding ground truth rep-
resentations z9! for all test samples. To systemati-
cally observe the model’s behavior across varying
difficulty levels, we quantify the reconstruction dif-
ficulty of each sample using the Mean Squared
Error (MSE: ||z9% — 2||3). Accordingly, all test
samples are sorted by this metric and mapped to a
percentile rank range of [0, 100].

We then contrast two distinct penalty paradigms
to visualize the impact of uncertainty calibration.
@: Rigid Baseline simulates traditional determin-
istic alignment methods (e.g., standard MSE or
KL loss), where the alignment penalty is strictly
proportional to the raw reconstruction error (i.e.,
Penalty o Error). ®: EASE (Elastic) represents
the effective penalty enforced by EASE, calcu-
lated as Error /1 (u), where () is the uncertainty-
adaptive bandwidth derived in Eq. (6).

Note: The Rationality of Low Penalty in Lan-
guage. The language modality exhibits an extreme
case of global relaxation (penalty ~ 0.4). This
reflects the one-to-many ambiguity inherent in the
inverse generation task. For instance, a visual smile
may correspond to diverse textual descriptions like
“happy”, “joyful”, or “great”. Rigid alignment
forces the model to strictly fit one specific token,
leading to overfitting. Conversely, EASE identi-
fies this high aleatoric uncertainty and reduces the
alignment cost, encouraging the model to preserve

core sentiment semantics.
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B Theoretical Justification and Derivation

B.1 Theoretical Motivation and Derivation for
Gaussian Modeling

In the UCMI module, we model the conditional
distribution of missing features ¢(zp|X) as a multi-
variate Gaussian N (p 5, 0%). The validity of this
assumption is grounded in two key aspects of our
framework design:

Semantic Continuity and Unimodality. In the
high-dimensional latent space constructed by deep
neural networks, the semantic representation of a
specific utterance typically forms a continuous and
unimodal cluster. The multivariate Gaussian distri-
bution naturally captures this local structure, where
the mean p ; represents the semantic centroid and
the variance UQB models the spherical spread of
potential variations caused by missing modality
ambiguity.

Analytical Tractability for Elastic Alignment.
A critical contribution of EASE is the Uncertainty-
Calibrated Semantic Alignment (UCSA), which re-
lies on the Cauchy-Schwarz (CS) divergence. The
Gaussian assumption allows us to derive a closed-
form solution for the CS divergence (as detailed
in Appendix B.2), explicitly decomposing the ob-
jective into a semantic centrality term and a dis-
tribution shape term. Without this parametric as-
sumption, calculating the divergence would require
computationally expensive Monte Carlo sampling,
hindering efficient end-to-end training.

Derivation of the Optimization Objective.
Based on this Gaussian assumption, we derive the
optimization objective for the UCMI module via
Maximum Likelihood Estimation (MLE). Let 29!
be the ground truth feature vector. We aim to max-
imize the likelihood of the observed ground truth
under the predicted distribution:

N
LyiE = Zlogp(zigt|5<i; ®) (14)

=1

Based on the Gaussian assumption with a diago-
nal covariance matrix diag(o?), the dimensions
of the feature vector are statistically independent.
Substituting the multivariate Gaussian Probability
Density Function (PDF) with diagonal covariance:

D
= S log N (:8s )

d=1

log p(27"|%) =

gt

‘di (wf "p(‘W»
ZD:(—log 2103) %)

d=1
15)

Maximizing the log-likelihood is equivalent to
minimizing the Negative Log-Likelihood (NLL):

Luemi = — 10gp(zgt|)~()

gt _ 2 16
<log(27raf21)+4(zd 2Md) > 1o

. 1
2 94

This derivation proves that our loss function is theo-
retically consistent with maximizing the probability
of the true features given the partial input, while
simultaneously learning the uncertainty o2 as a
heteroscedastic noise estimator.

B.2 Derivation of Closed-Form CS Divergence

We derive the analytic expression for the Cauchy-
Schwarz (CS) divergence between the completed
feature distribution Q = A/(%,3) and the seman-
tic anchor P = N (py,, ).

The CS divergence is defined as:

UQ f

The derivation relies on the product identity of two
Gaussians. For NV (pq, 1) and Na(ps, Xo), the
integral of their product is:

Dcs(Q|P) = —

/M®M®ﬁ:Mwbjﬁ2ﬁ (18)

Step A: Cross-term. Applying the Gaussian
product identity with p; = 2,3; = ¥ and
Mo = My, 29 = X, we have

[ QPix=vor = NGin E+20. 19
Taking the logarithm and multiplying by —2 yields

—2log Vop = log ((27r)D|2 + 3k)
+(E—p) (B TH(E ). 0

Step B: Self-terms. For self-term of Q, we have

/dex = /.N(x;ﬁ,ﬁ)/\/(x;ﬁ,ﬁ) dx

=N(%;2,2%) = %7 21
(2m)P 23}
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and therefore
log/ Q%dx = —%log ((2m)"|233)). (22)
Similarly, for P we obtain
1og/7>2dx - —%log (@mP]2Si]).  @3)

Step C: Final Closed Form. Substituting the
three terms back into the definition of Dgg and
canceling the common (27)? factor, we arrive at

Des(QIP) = (2 — ) (B4 50 (5 — )
|2+Zk‘

V123 - 23]

We denote this quantity as the anchor loss:

+ log (24)

Eanchor - («% - IJ'IC)T(2 + Zk)_l(*% - IJ‘k)
Mahalanobis distance term

|3+ 5

V123 - 23]

| ——

Log-determinant term

+ log (25)

The final closed form decomposes into a center
term and a shape term:

Mahalanobis distance term. The first term mea-
sures the distance between the completed feature
mean 2 and the anchor mean p;, under the com-
bined covariance (3 + X,). Because this covari-
ance appears in the denominator, large uncertainty
(large variance) automatically attenuates the con-
tribution of this distance, which is consistent with
the design philosophy of UADA: uncertain comple-
tions are not forced to match the anchor center too
aggressively.

Log-determinant term. The second term com-
pares the “volume” (or shape) of the two Gaussian
distributions through their determinants. It encour-
ages the covariance of the completed features 3!
to be compatible with the anchor covariance X,
preventing the hallucinated distribution from being
overly collapsed or overly dispersed.

Taken together, the two terms implement a joint
alignment of distribution centers and distribution
shapes, providing a principled semantic-anchoring
mechanism for the hallucinated features.

Implementation Details of Distribution Param-
eters. To ensure numerical stability and compu-
tational efficiency, we employ diagonal covariance
matrices for both the predicted distribution Q and
the semantic anchor P.

Predicted Covariance 3. The predicted covari-
ance matrix is derived from the uncertainty head of
the UCMI module. Specifically, the network pre-
dicts a variance vector 6> € R , and we enforce
positivity using the Softplus function with a small
stability constant e = 1e~6:

3 = diag(6”?) (26)
&° = Softplus(Wyh + b, ) + € 27

Here, h is the latent representation and {W,, b, }
are learnable parameters.

Semantic Anchor Covariance X;.. The seman-
tic anchors represent the global statistical charac-
teristics of each sentiment class. We compute X,
as the empirical diagonal covariance of the fea-
tures belonging to class k in the training set. Let
Zr = {zi | yi = k} be the set of features from
complete modality samples with label k. The an-
chor parameters are updated as:

1
= 5 >z (28)

ZEZ),

. 1

Sy =diag | — Y (z—m)’ |+l (29)
|Zk| ZEZ),

In practice, these statistics are initialized using the

pre-trained feature extractor and can be updated

via a moving average strategy during training to

maintain semantic stability.

C More Experimental Results

C.1 Intra-Modality Robustness Results

Tables 7, 8 and 9 present a granular comparison
of intra-modality robustness on the MOSI, MO-
SEI, and SIMS datasets. We observe a distinct
performance divergence relative to the noise inten-
sity. In low-noise regimes (missing rate r < 0.4),
strong baselines such as Self-MM and LNLN main-
tain competitive performance, effectively exploit-
ing the fine-grained semantics present in nearly
complete data. However, as the missing rate esca-
lates (r > 0.5), EASE demonstrates significant su-
periority, consistently achieving optimal results in
Correlation and MAE metrics. This confirms that
EASE effectively mitigates high-intensity noise in-
terference via its uncertainty-calibrated mechanism,
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o MOSI MOSEI
Condition
| Acc2 Fl Acc-5 Acc-7 MAE  Corr | Acc-2 FI Acc-5  Acc-7 MAE  Corr
wio (v} |81.69/83.70 81.95/83.87 49.02 4423 0752 0.775 | 83.44/84.79 83.71/85.06 52.66 50.15 0.548 0.739
wio {a} | 81.50/83.44 81.76/83.60 49.37 44.19 0.740 0.778 | 83.32/84.65 83.40/84.98 5270 5027 0549 0.742
wio {1} | 59.89/60.85 66.74/68.61 2537 23.19 1314 0.184 | 71.02/67.57 82.82/77.73 41.82 3923 0810 0252

Table 6: Single-modality ablations of EASE on the MOSI and MOSEI datasets. Refer to Sec. 4.4.

whereas rigid baselines tend to overfit corrupted
residuals.

Discussion on Trade-offs. Generally, models
trained with heavy noise augmentation struggle
to maintain SOTA precision on clean data due to
distribution shifts: a phenomenon known as the
Robustness-Accuracy Trade-off. While EASE alle-
viates this issue through uncertainty estimate and
elastic alignment, achieving a perfect equilibrium
between robustness under extreme noise and high
fidelity on clean data remains a pivotal direction
for future research.

C.2 Inter-Modality Robustness Results

Table 10 presents the generalization performance
on MOSI and MOSEI under various inter-modality
missing settings. Overall, methods exhibit notice-
ably different robustness behaviors depending on
which modality is absent. When the language
modality is preserved (e.g., {l}, {l,a}, {l,v}),
most baselines remain competitive, reflecting the
dominant role of textual cues in sentiment predic-
tion. In contrast, removing language-related infor-
mation (e.g., {a}, {v}, {a,v}) leads to substan-
tial performance degradation for many methods.
Across these challenging settings, EASE consis-
tently achieves stronger Acc-5/Acc-7 performance
and lower MAE, indicating improved resilience to
severe cross-modal information loss. These results
suggest that uncertainty-aware elastic alignment
enables EASE to better suppress unreliable modal-
ity contributions and maintain stable predictions
under diverse missing-modality scenarios.

C.3 Ablation Study on Modality

To evaluate the individual contribution of each
modality to the final sentiment prediction, we con-
duct single-modality ablation studies on the MOSI
and MOSEI datasets. Table 6 results reveal a dis-
tinct hierarchy in modal importance.

First, we observe the dominance of linguistics.
Scenarios retaining text (e.g., w/o v) maintain su-
perior performance, with MOSEI achieving a high
Acc-7 of 50.15%, confirming language as the pri-

mary semantic backbone. In contrast, the comple-
mentary nature of non-verbal cues is evident when
removing text (w/o [): Acc-7 on MOSI plummets
to 23.19% and MAE nearly doubles to 1.314. This
indicates that while acoustic and visual signals are
insufficient for fine-grained reasoning alone, EASE
leverages them as critical supplements to resolve
ambiguities in the foundational linguistic represen-
tations.

C4

We further present elastic alignment and predic-
tive consistency analyses on the MOSI dataset. As
shown in Fig. 8, EASE adaptively suppresses ex-
cessive alignment penalties in regions with high re-
construction uncertainty, especially for visual and
acoustic modalities, preventing noisy or ambiguous
samples from dominating optimization. This elas-
tic behavior leads to a smoother and more stable
alignment profile compared to rigid baselines.

In Fig. 9, consistency analysis shows that incor-
porating MIPC substantially reduces distribution
shift between full-modality and missing-modality
predictions and enforces tighter instance-level
agreement. Together, these results demonstrate
that EASE achieves robust sentiment modeling by
jointly balancing uncertainty-aware alignment and
cross-view predictive consistency under modality
missingness.

More Visualization Results
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Method Acc-27 F11 Acc-5T  Acc-7t MAE| Corrf Method Acc-27 F11 Acc-51  Acc-7t MAE| Corrf
Random Missing Rate r = 0 Random Missing Rate » = 0.5
MISA 81.24/82.78 81.23/82.83 48.30 43.05 0.771  0.777 MISA 69.34/70.53  69.20/70.50  30.61 28.14 1.124 0519
Self-MM  83.24/85.22 83.26/85.19 5238 4281 0720 0.790  Self-MM  67.54/67.43 66.81/6427 3139 2697 1129 0.503
MMIM 81.97/83.43 81.94/83.43 49.85 4592 0.744 0778 MMIM 66.52/68.09 64.59/66.15 29.89 28.23 1.128  0.501
TFR-Net  81.68/83.64 81.61/83.57 4791 40.82  0.805 0.760 TFR-Net  63.02/64.83 56.64/58.04 30.71 25.85 1.270  0.443
CENET  81.49/83.08 81.48/83.06 5039 4320 0.748 0.785 CENET  66.08/72.46 63.50/71.10 3090 2833 1.130 0.496
ALMT 82.75/84.91 8294/85.01 48.49 4237  0.752  0.768 ALMT 65.94/68.24 68.54/69.74  31.25 28.42 1.138  0.485
LNLN 81.24/84.25 81.79/84.61 4976 4456  0.751 0.778 LNLN 71.86/73.37 7230/73.70 3839 3392 1.059 0.536
TF-Mamba 81.63/83.69 81.58/83.71 50.58 4431 0762 0.774 TF-Mamba 74.20/75.00 74.27/75.15 37.46  33.67 1.044 0.557
P-RMF 82.65/84.15 82.69/84.37 48.83 44.31 0.726  0.782 P-RMF 71.28/73.02 71.66/73.33  37.90 33.67 1.077  0.523
EASE 82.81/84.87 82.85/84.90 5020 46.73  0.748 0.779 EASE 74.43/75.49 74.40/7557 3844 34.64 0998 0.578
Random Missing Rate 7 = 0.1 Random Missing Rate r = 0.6
MISA 76.34 /7154 7630/77.58 4155 3625 0939 0.654 MISA 65.84/6697 65.69/6694 2712 2468 1200 0.441
Self-MM  76.48/78.15 76.51/77.76 4398  36.64 0901 0.660  Self-MM 63.36/63.47 62.07/58.94 2731 2434 1209 0425
MMIM 745417642 7422/76.12 42.66 39.07 0918 0.651 MMIM 62.49/63.67 59.48/60.87 27.11 25.41 1.208 0418
TFR-Net  73.52/74.70 72.70/73.57 40.13 3470 0987 0.622  TFR-Net 59.47/61.64 50.53/52.44 2833 2405 1371 0.363
CENET  74.64/77.49 7428/7735 4232 3800 0916 0.654 CENET  61.47/67.58 57.86/64.87 2653 2454 1215 0415
ALMT 75770/77.64 76.24/77.94 40.33 3533 0927 0.645 ALMT 62.15/64.53 65.87/66.81 27.36 25.41 1.214  0.407
LNLN 78.43/81.20 79.04/81.62 4791 4237 0820 0.724 LNLN 67.69/69.00 67.99/69.19 3435 3037 1.147 0.458
TF-Mamba 80.03/81.86 79.97/81.87 48.40 42.86 0.824 0.732 TF-Mamba 68.37/68.60 68.45/68.79 33.53 30.76 1.127  0.487
P-RMF 81.34/82.62 81.35/82.89 4752 42.13  0.800 0.730 P-RMF 67.35/68.75 67.64/68.64 33.24 29.30 1.147 0432
EASE 80.87/81.98 80.74/82.01 48.63 4430 0.816 0.721 EASE 71.70/72.07 71.75/72.18 3523 3219 1.065 0.526
Random Missing Rate 7 = 0.2 Random Missing Rate 7 = 0.7
MISA 7454775776 7451/7582 3897 3460 0989 0.618 MISA 63.89/65.09 63.74/65.07 2327  21.14 1257 0.381
Self-MM  74.98/76.37 74.94/75.68 40.67 3489 0967 0.614 Self-MM  61.46/61.74 58.97/55.11 23.81 20.70 1.271  0.339
MMIM 71.91/74.08 71.28/73.47 4043 36.83 0974 0.612 MMIM 59.18/61.23 54.36/57.15 24.00 22.35 1.267  0.342
TFR-Net  71.28/7236 69.58/70.12 3834 3255 1.065 0.572  TFR-Net 57.34/5991 4548/4841 2692 2371 1454 0276
CENET 72.01/76.83 71.30/76.56 3897 3474 0983  0.605 CENET 59.43/63.82 54.22/53.79 23.57 22.35 1.269  0.335
ALMT  72.94/75.15 73.66/7551 37.17  33.04 0992 0.59 ALMT  59.67/61.84 65.19/6530 2497 2371 1266 0.336
LNLN 76.87/79.22 71.34/79.53 4514 3974  0.891 0.668 LNLN 65.01/6595 65.14/6595 31.19 2779 1.219 0.383
TF-Mamba 79.15/80.49 79.17/80.56 44.75 39.21 0.879  0.693 TF-Mamba 66.91/67.23 66.98/67.41 29.30 27.26 1.196  0.411
P-RMF  78.13/79.57 78.11/80.97 4475 4038  0.853 0.668 P-RMF  65.16/66.16 6533/64.69 3294 27.84 1229 0.383
EASE 79.11/80.25 79.19/80.32  45.87 4241  0.857 0.685 EASE 68.19/69.36 68.17/69.30  33.51 28.85 1.153 0.487
Random Missing Rate r = 0.3 Random Missing Rate 7 = 0.8
MISA 7454175776 74.51/7582 3897 3460 0989 0.618 MISA 62.24/63.56 61.67/63.16 2099 1992 1311 0321
Self-MM  74.98/76.37 74.94/75.68 40.67 3489 0967 0.614 Self-MM  58.26/59.55 53.56/49.98 22.11 19.29 1.313  0.282
MMIM  71.91/74.08 71.28/73.47 4043 3683 0974 0.612 MMIM  55.30/58.33 47.89/5246 21.77 2026 1312 0.287
TFR-Net  71.28/72.36 69.58/70.12 3834 3255 1.065 0.572 TFR-Net  55.98/58.49 41.88/44.70 27.70 23.23 1.497  0.155
CENET 72.01/76.83 71.30/76.56 3897 3474 0983 0.605 CENET 57.53/60.93 50.80/54.68 21.67 21.14 1.314  0.274
ALMT  7294/75.15 73.66/7551 37.17  33.04 0992 0.596 ALMT  5831/60.37 66.14/6545 2366 23.13 1310 0.273
LNLN 75.46/71.29 75.68/77.56 4281 38.00 0953 0.617 LNLN 62.10/62.75 62.03/62.56 28.23 26.34 1.283 0314
TE-Mamba 76.53/77.74 76.56/77.85 4227 3776 0932 0.645 TF-Mamba 63.12/63.57 63.20/63.77 2638 2493 1258 0.353
P-RMF  7580/76.83 75.82/79.27 4271 3921 0922 0.621 P-RMF  61.08/62.04 61.22/60.76 29.74 2597 1.275 0316
EASE 76.89/77.94 76.92/77.98  43.69 39.12 0.894 0.630 EASE 64.63/65.51 64.89/65.73  30.28 27.18 1216 0.405
Random Missing Rate r = 0.4 Random Missing Rate r = 0.9
MISA 72.59/73.88 72.49/73.88 3537 32.65 1.041  0.585 MISA 58.21/58.64 56.19/56.84 18.41 17.78 1.369  0.226
Self-MM  71.96/73.17 71.75/71.74  36.30 31.20 1.027 0579 Self-MM  55.25/58.59 47.46/46.16 19.78 18.32 1.353  0.197
MMIM  68.90/70.84 67.80/69.69 3576 3338 1.034 0.576 MMIM  51.65/5529 40.89/47.33 1953 1895 1.357 0.186
TFR-Net  67.74/68.75 64.41/64.71 35.76 30.17 1.142 0.537 TFR-Net  55.44/57.93 40.18/43.01 25.12 21.67 1.534  0.155
CENET  71.53/73.38 70.26/72.75 36.15 3226 1.031 0574 CENET  54.76/58.99 46.58/50.01 19.10  19.15 1.357 0.181
ALMT  71.14/73.12 7247/7385 3503 3144 1.045 0.560 ALMT  56.66/57.32 67.82/64.92 2050 2031 1349 0.205
LNLN 74.25/76.01 74.67/7631 41.11 3649 0987 0.594 LNLN 56.51/56.50 56.47/56.32 23.86 22.98 1.349  0.202
TF-Mamba 75.22/76.07 75.25/76.16 4023 3586 0961 0.617 TF-Mamba 60.20/60.37 60.30/60.59 2449 2289 1363 0215
P-RMF 73.76/75.46 74.09/77.71  40.67 35.59 1.001  0.584 P-RMF 58.75/59.45 59.01/56.66 26.68 23.49 1.346  0.212
EASE 75.45/76.36 75.48/76.40 41.12 3689 0.924 0.604 EASE 62.06/63.24 6235/6352 2774 2516 1283 0.312
Table 7: Details of robust comparison on MOSI under different intra-modality missing rates. Refer to Sec. 4.3 for
details.
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Method Acc-21 F17 Acc-5T  Acc-7f MAE| Corrt Method Acc-21 F17 Acc-5T  Acc-7t MAE| Corrt
Random Missing Rate rr = 0 Random Missing Rate 7 = 0.5
MISA 84.10/8528 83.75/85.10 53.85 51.79 0.552 0.759 MISA 73.21/67.38 64.14/58.38 36.05 38.12 0.834 0.492
Self-MM  84.68/85.34 84.66/85.11 5572  53.89 0.531 0.764  Self-MM  75.81/71.97 70.38/67.40 43.14 4270 0.733 0477
MMIM 81.65/83.53 81.41/83.39 53.04 5076 0.576 0.724 MMIM 74.45/7175 67.96/67.70  39.21 38.68  0.775 0.470
TFR-Net  84.65/84.96 84.34/8471 4791 5371 0550 0.745  TFR-Net 75.69/71.53 70.07/66.88 30.71 4500 0.730 0.471
CENET  82.30/8549 82.60/8541 56.12 5439 0.531 0.770 CENET  77.16/73.33 74.14/69.80 4552 4512 0.720 0515
ALMT 83.99/85.62 84.53/85.69 53.89 5218 0.542 0.752 ALMT 7748/71.40 77.80/77.73 3834 3782 0.683 0.461
LNLN 83.61/84.14 84.02/84.53 51.94 50.66 0.572 0.735 LNLN 78.10/76.44 79.30/77.23 4559 4490 0.710 0.529
TF-Mamba 82.89/83.82 8292/83.71 5383 5226 0556 0.748 TF-Mamba 77.94/78.59 77.78/78.34 46.60 4568 0.676 0.583
P-RMF  83.62/85.20 83.68/85.48 52.09 49.77 0539 0.767 P-RMF  78.64/78.62 79.74/79.49 4490 4394 0.666 0.601
EASE 83.91/85.55 83.97/85.62 5482 5248 0.543 0.765 EASE 79.49/79.12 80.18/79.80 4645  46.07 0.644 0.627
Random Missing Rate r = 0.1 Random Missing Rate » = 0.6
MISA 82.28/82.21 80.79/81.28 51.34  50.13  0.598 0.722 MISA 72.30/65.55 62.12/54.64 3330 36.16 0.875 0415
Self-MM  83.79/83.03 83.23/82.43 53.18 51.80 0564 0.725  Self-MM  73.93/69.33 66.76/63.01 41.75 4147 0.762 0.401
MMIM 81.09/82.00 80.15/81.57 51.19  49.09 0.602 0.696 MMIM  73.16/68.83 65.43/63.09 3748  37.13 0.808 0.402
TFR-Net  83.31/82.92 8240/8225 4582 5229 0573 0.715 TFR-Net 74.05/68.80 67.07/62.51 2833 43.88 0.762 0.397
CENET  82.41/83.75 82.34/8342 5423 5283 0.556 0.739 CENET  75.39/70.50 70.86/6527 44.64 4445 0.749 0.446
ALMT 82.84/84.14 83.04/8423 5238 5098 0.583 0.718 ALMT 76.26/74.98 76.71/7544 3630 3599 0.710 0.395
LNLN 82.73/83.32 8291/83.66 5125 4996 0591 0.712 LNLN 76.50/73.82 7833/75.03 44.00 4352 0.736 0471
TF-Mamba 82.68/83.16 82.69/83.03 52.07 50.53 0.570 0.730 TF-Mamba 75.77/75.89 7559/75.63 4473 4396 0.709 0.534
P-RMF  82.79/83.98 82.94/84.37 5145 49.04 0.556 0.748 P-RMF  77.44/76.11 7897/77.58 43.12 4226 0.703 0.545
EASE 83.06/84.26 83.15/84.30 5255  50.65 0.561 0.740 EASE 78.65/76.53 79.62/77.69 4536 4423  0.675 0.570
Random Missing Rate » = 0.2 Random Missing Rate » = 0.7
MISA 79.93/71.84 7688/7556 47.66 4724  0.659 0.674 MISA 71.71/64.28 60.65/51.82 31.21 3454 0906 0.344
Self-MM  82.33/80.84 81.17/79.76  50.51 4944  0.604 0.678  Self-MM  72.55/66.79 63.45/58.05 40.12 3993 0.786 0.329
MMIM  79.66/79.93 77.68/79.08 4799 4627 0.642 0.653 MMIM  72.26/66.89 63.26/58.90 3547 3525 0.834 0.341
TFR-Net  81.61/80.47 79.99/7929 40.13  51.04 0.604 0.672  TFR-Net 72.77/66.64 64.02/58.32 2692 4291 0.786 0.322
CENET  81.62/81.46 81.17/80.78 51.85  50.72  0.590 0.698 CENET  73.39/67.50 67.02/59.88 44.03 4393 0.776 0.384
ALMT 81.65/82.71 81.83/82.82 47.82 46.61 0.607 0.669 ALMT 73.98/71.62 74.54/72.24 3495 3478 0.743 0315
LNLN 81.68/81.70 81.89/81.95 4995 4875 0.616 0.677 LNLN 74.74/71.55 77.40/73.49 4256 4222  0.762 0.408
TF-Mamba 81.84/82.55 81.83/8240 50.50 49.17 0.588 0.710 TF-Mamba 73.49/73.50 73.19/73.26 43.40 4278 0.747 0.469
P-RMF  82.25/82.97 82.58/83.37 4935 4791 0576 0.722 P-RMF  75.87/74.64 78.12/7588 4241 4173  0.733 0.481
EASE 82.11/83.09 82.20/83.15 51.09 4923 0.584 0.719 EASE 76.73/75.97 77.86/76.40 4429 4271  0.708 0.524
Random Missing Rate 7 = 0.3 Random Missing Rate r = 0.8
MISA 77.28/73.32 7225/6891 4340 4399 0.724 0.615 MISA 71.30/63.43 59.69/49.95 29.51 3329 0927 0.267
Self-MM  79.99/77.63 77.74/75.69 4807 4723 0.653 0.610  Sel-MM  71.83/65.07 61.49/5444 3878  38.69 0.805 0.259
MMIM  77.79/77.08 74.49/7546 4473 4325 0.690 0.597 MMIM  71.57/64.97 61.45/54.76 33.71 33.64 0.858 0.269
TFR-Net  79.29/77.48 76.52/7543 3834 4875 0.650 0.604  TFR-Net 71.95/65.05 61.82/5491 2770 4223 0.807 0.241
CENET  80.02/78.65 78.94/77.34 49.37 4849 0.636 0.640 CENET  72.16/65.88 64.67/56.80 4274 42771 0.798 0.316
ALMT 79.94/80.94 80.20/81.15 44.05 43.04 0.632 0.598 ALMT 71.48/68.15 7228/69.12 34.09 3401 0.774 0231
LNLN 80.45/80.11 80.91/80.44 4840 4736 0.648 0.629 LNLN 72.86/68.62 76.80/71.83 40.97  40.76  0.791 0.325
TF-Mamba 81.22/80.82 81.10/80.58 49.00 47.89 0.613 0.675 TF-Mamba 71.60/70.34 71.27/70.16 40.93 4037 0.786 0.408
P-RMF  80.88/81.26 81.40/81.86 47.78 4595 0.611 0.683 P-RMF  74.46/70.75 77.91/73.03 41.00 4046 0.764 0.401
EASE 81.45/82.12 81.62/82.39 49.78 4774  0.609 0.684 EASE 75.08/73.26 76.14/74.37 4314 4138 0.731 0.476
Random Missing Rate r = 0.4 Random Missing Rate 7 = 0.9
MISA 75.04/70.46 67.93/64.02 3953 4087 0.780 0.561 MISA 71.07/62.95 59.12/48.80 28.03 3229 0941 0.180
Self-MM  78.09/75.02 74.48/72.01 4504 4440 0.694 0.554  Self-MM  71.24/63.85 59.72/51.32 3750 3746 0.821 0.188
MMIM  76.15/74.56 71.40/71.98 4186  40.84 0.732 0.542 MMIM  71.10/63.69 59.99/51.26 32.67 3261 0877 0.197
TFR-Net  77.65/74.74 73.71/71.67 3576 46,70  0.688 0.548  TFR-Net 71.34/63.64 59.99/52.02 25.12 41.73  0.820 0.175
CENET  78.57/76.03 76.75/73.87 4774 4712  0.678 0.587 CENET  70.42/64.14 6233/5427 42.08 4208 0814 0254
ALMT 79.16/79.40 79.50/79.68 41.21 4040  0.651 0.536 ALMT 68.65/61.41 69.83/63.32 3440 3440 0.810 0.138
LNLN 79.70/78.49 80.46/78.98 46.88 4599  0.673 0.592 LNLN 71.51/64.83 77.52/70.60 40.19  40.10 0.820 0.221
TF-Mamba 80.02/80.02 79.80/79.80 47.80  46.73  0.639 0.638 TF-Mamba 68.68/64.75 68.18/64.87 3756  37.24  0.851 0.291
P-RMF  79.76/79.97 80.58/80.74 4673 4559 0.631 0.653 P-RMF  72.59/67.86 77.95/71.51 3990 39.62 0.805 0.289
EASE 80.62/80.68 81.09/80.93 47.51 4698  0.622 0.650 EASE 73.24/70.79 74.57/72.03 41.90 40.19 0.778 0.342

Table 8: Details of robust comparison on MOSEI with different random missing rates. Refer to Sec. 4.3.

EASE (w/o MIPC)

EASE (Ours)

—— Full Modality (Afighor) Distribution Shift
Missing Moddlity

0.0k

Wasserstein Dist: 0.2664

uu—/

Distribution Shift
W

Wasserstein Dist: 0.1378

3 3

Sentiment Score Prediction

0 T 2 3 3 2 T 0

(a) Distribution Alignment

Sentiment Score Prediction

Prediction (Siiss)

(b) Sentiment Predictive Consi

EASE (w/o MIPC) EASE (Ours)
3| [Pearson r: 0.5766 3| [Pearson r: 0.6728
MAE: 0.7373 MAE: 0.6664
. 2
K
©
£
3
51
o
&£ ol
rrrrr Ideal Consistency ~- Ideal Consistency
EASE Predictions -3 EASE Predictions
) 0 2 ) 0 2
Prediction (Stun) Prediction (Stu)

stency

Figure 9: Visualization of the MIPC module’s impact on MOSI. Best viewed in color. Refer to Sec. 4.5.
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Method Acc-2t  F11  Acc-3T  Acc-51 MAE| Corrf Method Acc-2t  F11T  Acc-31  Ace-51 MAE|  Corrt

Random Missing Rate r = 0 Random Missing Rate » = 0.5

MISA 78.19 7722 63.38 40.55 0449  0.576 MISA 7126 6416 54778 30.56 0552  0.367
Self-MM 7826  78.00  64.92 40.77 0.421  0.584 Self-MM 71.41 67.11 53.90 32.02 0.517  0.390
MMIM 7542 73.10  60.69 37.42 0475 0528 MMIM 68.49  64.81 5237 33.41 0.553 0336
TFR-Net 69.15 5844  54.12 33.85 0.562  0.254 TFR-Net 67.47  58.66  52.37 24.65 0.685  0.171
CENET 68.71 57.82  54.05 23.85 0.578  0.137 CENET 68.71 5792 54.05 23.12 0.588  0.107
ALMT 75.64 7627 5478 23.41 0.527  0.536 ALMT 6827 7122 47.12 18.38 0.563 0395
LNLN 7593 7989  63.97 38.66 0.458  0.570 LNLN 7272 7877  57.70 36.40 0513 0412
TF-Mamba  79.65 7892  61.93 37.86 0441 0548 TF-Mamba  75.71  73.61 58.64 37.20 0495 0424
P-RMF 7834  79.69  60.61 38.95 0441  0.550 P-RMF 73.61 7483  54.83 34.79 0495  0.404
EASE 78.15 7832  62.83 38.45 0.424  0.560 EASE 7458 7477 5826 36.11 0482  0.454

Random Missing Rate r = 0.1 Random Missing Rate r = 0.6

MISA 7739 7582  63.02 38.88 0.461  0.561 MISA 70.46  61.81  53.97 27.72 0.578  0.286
Self-MM 7732 7676  63.53 40.26 0.433  0.563 Self-MM 70.02 6421 5186 29.10 0.548 0313
MMIM 7425  72.08  60.90 37.27 0473 0529 MMIM 67.91 63.86  49.31 29.18 0.578  0.270
TFR-Net 68.85 5938  53.25 30.12 0.596  0.203 TFR-Net 67.03 5830  52.59 24.80 0.696  0.157
CENET 68.57 5736  53.98 22.83 0.580  0.136 CENET 69.00 58.64  53.69 22.46 0.592  0.102
ALMT 7440 7519  55.14 22.10 0.530  0.537 ALMT 66.81  70.69  43.69 18.67 0574 0322
LNLN 7629  80.07  62.73 38.51 0.458  0.562 LNLN 71.55 79.56  54.63 33.70 0.535  0.352
TF-Mamba  79.65 7879  62.36 36.98 0.445 0.550 TF-Mamba 73.09 6944  54.92 32.82 0.523  0.370
P-RMF 7724  78.88  59.52 37.72 0.454  0.530 P-RMF 7212 7332 53.05 33.92 0515 0383
EASE 77.61 7752 6181 37.86 0.438  0.538 EASE 7390 7429 57.10 35.37 0.501  0.428

Random Missing Rate r = 0.2 Random Missing Rate r = 0.7

MISA 7433 7170  59.23 38.15 0.489  0.490 MISA 69.95 59.54 5252 24.87 0.601 0.167
Self-MM 7498 7371 6171 38.37 0.464  0.500 Self-MM 69.58 6228  50.62 25.53 0.571 0.198
MMIM 7236 69.80  57.33 37.27 0.504  0.460 MMIM 66.89  62.23  46.53 28.59 0.595  0.190
TFR-Net 68.64  59.74  53.61 29.03 0.619  0.191 TFR-Net 67.18  58.15  52.30 23.78 0.707  0.163
CENET 68.57  57.64 5420 22.25 0.583  0.132 CENET 67.69  57.87  53.32 21.81 0.599  0.070
ALMT 72.65 7390  53.17 21.08 0.541  0.485 ALMT 65.57 7027  38.66 18.02 0.586  0.218
LNLN 7476 7853  61.78 38.88 0474 0513 LNLN 69.73  79.37 51.64 30.27 0.558  0.261
TF-Mamba 7877 77.88  61.05 38.29 0.459  0.507 TF-Mamba 71.77 67.46  48.80 28.45 0.570  0.248
P-RMF 76.23 7746  59.30 37.05 0.460  0.512 P-RMF 71.58 7222 5252 32.23 0.531 0.369
EASE 7699  77.19  60.79 37.32 0.447  0.521 EASE 72776  73.65  55.04 33.94 0.520  0.395

Random Missing Rate » = 0.3 Random Missing Rate » = 0.8

MISA 74.11 7040  59.30 36.40 0.505  0.464 MISA 69.37  57.82 5222 22.69 0.610  0.092
Self-MM 7476 7285  59.81 37.93 0474 0.487 Self-MM 69.51 60.68  50.77 22.03 0.585  0.138
MMIM 7236 69.52  58.06 37.71 0512 0.436 MMIM 6528  60.53 4435 22.32 0.607  0.145
TFR-Net 68.42  59.88  52.30 27.64 0.640  0.182 TFR-Net 67.54 5755 5274 22.97 0.721 0.100
CENET 68.42 5741 54.05 21.44 0.578  0.175 CENET 67.47 5844 5215 21.73 0.599  0.074
ALMT 72.06  73.64  50.62 20.35 0.546  0.469 ALMT 64.19  69.64  34.06 18.60 0.597  0.133
LNLN 7425  78.60  60.98 38.37 0.478  0.509 LNLN 69.58  80.23 5047 27.94 0.580  0.183
TF-Mamba 7593 7472  58.42 39.82 0468 0.485 TF-Mamba 71.55 66.58  46.39 26.48 0.607  0.139
P-RMF 75.66  75.89  56.89 36.89 0475  0.483 P-RMF 69.51 7035  49.89 31.07 0.568  0.269
EASE 76.28  76.78  60.05 36.84 0.454  0.506 EASE 71.44 7228 5343 32.69 0542  0.341

Random Missing Rate r = 0.4 Random Missing Rate r = 0.9

MISA 72.87 6752 57.33 34.86 0.523  0.436 MISA 69.22  57.01 5295 20.64 0.617  0.041
Self-MM 7330 7036  58.28 34.57 0.482  0.479 Self-MM 6892 5832 5215 22.17 0.586  0.111
MMIM 6995 6649  55.36 34.57 0.533 0399 MMIM 65.72  59.64  42.67 20.35 0.610  0.096
TFR-Net 67.91 59.16  51.86 25.31 0.664  0.176 TFR-Net 69.08 57.71  53.76 23.05 0.721 0.088
CENET 68.49  57.68  54.12 22.54 0.583  0.141 CENET 6572  58.18  48.07 20.86 0.609  -0.002
ALMT 70.75 7297 4945 19.91 0.549  0.470 ALMT 6623 7376 2691 19.47 0.596  0.076
LNLN 73.81  78.82  60.03 37.49 0.491  0.481 LNLN 68.64 8042  47.48 26.19 0.591 0.127
TF-Mamba 7549 7372  60.39 40.04 0470 0477 TF-Mamba 6521 60.87 4223 26.70 0.648  0.114
P-RMF 7532 7630  55.80 36.54 0.482 0472 P-RMF 66.77  67.54  45.08 29.10 0.581 0.168
EASE 75.61  76.04  59.47 36.70 0470  0.493 EASE 6991  70.50  51.97 31.02 0573  0.279

Table 9: Detailed robustness comparison on SIMS under different intra-modality missing rates. Refer to Sec. 4.3.
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MOSI MOSEI
Acc-2 F1 Acc-5 Acc-7 MAE Corr Acc-2 F1 Acc-5 Acc-7 MAE  Corr

MISA 81.24/83.28 81.17/83.29 4840 4325 0.768 0.776 83.97/84.88 83.64/84.64 5380 51.67 0.558 0.756
Self-MM  82.80/85.06 82.82/85.04 5277 4271 0.722 0.789 84.74/8532 84.67/85.06 5543 53.67 0.535 0.761
MMIM 81.29/83.48 81.17/83.42 51.07 4456 0.748 0.777 81.14/83.79 80.96/83.61 53.07 50.70 0.579 0.722
CENET  81.54/83.08 81.54/83.06 5039 43.05 0.750 0.785 80.66/84.64 81.23/84.71 5422 5271 0.545 0.760
o TETFN  81.05/82.57 81.04/82.62 5136 44.12 0.719 0.794 83.79/84.83 83.85/84.80 5522 5346 0.549 0.747
TFR-Net 79.98/83.08 79.82/83.01 43.44 36.00 0.838 0.758 83.49/83.97 83.18/8391 54.54 53.13 0.578 0.726
ALMT 79.83/84.55 80.65/84.76 4193 3649 0864 0.767 69.11/67.14 72.15/71.77 33.57 30.64 0.560 0.748
LNLN 82.26/84.86 82.48/85.12 52.04 4510 0.760 0.772 82.69/84.10 82.86/84.39 51.38 50.10 0.609 0.730
P-RMF  80.90/81.01 80.89/81.36 47.46 4257 0.777 0.759 81.52/8226 82.11/81.91 5046 49.09 0.562 0.757
EASE 81.24/83.09 80.28/83.10 4833 43.74 0.761 0.752 81.69/83.46 81.72/83.61 51.76 4922 0.560 0.738

MISA 50.87/48.98 43.51/41.79 1540 1545 1427 0.169 71.02/62.85 58.99/48.51 2689 31.57 0936 0.105
Self-MM  51.75/57.77 35.44/4231 1924 1647 1386 0.072 71.02/62.85 58.99/48.51 36.55 36.55 0.838 0.101
MMIM  48.64/53.05 36.52/43.80 17.40 1793 1366 0.155 70.94/62.88 59.00/4891 32.12 3212 0.891 0.143
CENET  51.80/57.67 35.71/4226 17.54 17.54 1387 0.118 67.49/61.78 59.63/51.87 36.59 36.59 0.838 0.112
{a} TETFN  55.25/57.77 39.32/4231 21.14 21.19 1403 0.097 71.02/62.81 58.99/48.51 4136 4136 0.840 0.017
TFR-Net 55.25/57.77 39.32/4231 25.07 2250 1486 0.154 71.02/62.47 5899/51.16 4136 4136 0.839 0.039
ALMT 55.10/56.45 66.11/67.09 19.77 1929 1394 0.136 57.01/54.28 70.35/69.52 21.54 21.54 0.874 -0.086
LNLN 49.03/52.18 56.84/58.89 17.68 18.80 1.427 0.075 71.02/62.85 83.06/77.19 3841 3841 0.853 0.052
P-RMF  55.03/56.85 71.72/71.44 2099 20.55 1367 0.107 71.02/62.85 83.06/7591 41.74 4125 0.838 0.115
EASE 59.44/61.15 66.72/68.89 2582 2334 1317 0.192 7091/67.38 82.79/77.56 41.58 40.02 0.813 0.179

MISA 55.20/55.29 49.24/49.53 1560 1555 1.419 0.098 71.02/62.85 58.99/48.51 2676 31.17 0961 0.121
Self-MM  54.03/57.77 43.31/4231 1929 16.86 1.381 0.130 71.02/63.01 58.99/49.18 36.61 36.61 0.831 0.144
MMIM  48.20/5224 31.53/39.57 17.40 17.59 1.389 0.024 70.94/62.31 59.28/54.32 3192 3191 0.886 0.182
CENET  51.85/57.67 35.65/4226 1740 1740 1387 0.110 64.21/60.69 56.68/51.22 41.40 4140 0.823 0.236
(v} TETFN  55.25/57.77 39.32/4231 21.14 21.19 1403 0.098 71.00/62.82 58.98/4851 4131 4131 0.832 0.144
TFR-Net 55.59/58.03 40.54/43.37 2396 2138 1.554 0.107 71.02/62.81 5899/48.75 4138 4137 0.829 0.161
ALMT 54.96/56.35 65.86/66.89 1924 1924 1397 0.104 57.28/54.28 70.09/69.52 21.57 21.57 0.870 0.091
LNLN 49.03/52.18 56.84/58.890 17.68 18.80 1.427 0.072 71.02/62.85 83.06/77.19 3472 3472 0900 0.145
P-RMF  5496/56.01 70.72/70.32 2026 19.83 1368 0.099 70.52/61.77 82.14/73.19 33.68 3359 0.828 0.209
EASE 58.92/60.34 66.51/68.59 25.11 2287 1325 0.156 70.79/6691 82.45/76.80 4120 39.75 0.809 0.274

MISA 81.00/82.37 80.99/82.43 47.09 4329 0.777 0.777 83.99/85.25 83.76/85.11 5380 51.76 0.550 0.757
Self-MM  82.80/85.11 82.82/85.09 5547 4276 0.722 0.789 84.62/85.20 84.59/84.95 5547 53.68 0.533 0.761

MMIM 81.83/83.54 81.78/83.52 49.85 4475 0.740 0.778 81.31/83.71 81.09/83.53 5286 5045 0.579 0.722
CENET  81.49/83.08 81.48/83.06 50.39 4320 0.748 0.785 81.04/84.99 81.56/85.03 54.48 5295 0.544 0.761

{la} TETFN  81.10/82.62 81.09/82.67 51.46 4422 0.719 0.794 83.78/84.84 83.806/84.81 5534 5355 0.544 0.761
’ TFR-Net 81.10/83.54 80.95/83.41 4587 37.85 0.799 0.760 83.48/83.97 83.18/83.93 5445 5294 0.577 0.726
ALMT 79.98/84.81 80.76/84.81 4193 36.39 0.863 0.768 69.41/66.81 72.23/71.72 3295 29.80 0.559 0.747

LNLN 82.26/84.91 82.48/85.17 5199 4505 0.759 0.772 83.41/84.09 83.76/84.43 5144 50.16 0.577 0.729

P-RMF  81.05/82.16 81.03/82.10 48.69 4329 0.776 0.760 83.58/84.62 83.60/84.61 50.42 49.04 0.565 0.757

EASE 81.69/83.70 81.95/83.87 49.02 4423 0.752 0.775 83.44/84.79 83.71/85.06 52.66 50.15 0.548 0.739

MISA 81.58/83.74 81.49/83.72 4844 4349 0.762 0.776 83.91/84.94 83.46/84.62 5391 51.59 0.561 0.759
Self-MM  83.24/8522 83.26/85.19 5233 4281 0.720 0.790 84.70/85.31 84.64/85.06 55.66 5391 0.532 0.763

MMIM 81.15/83.08 81.02/83.00 49.52 4539 0.744 0.777 81.51/83.72 81.29/83.60 5326 51.01 0.572 0.726
CENET  81.54/83.08 81.54/83.06 5039 43.05 0.750 0.785 82.08/8537 82.44/85.35 5598 5434 0.531 0.770

(v} TETFN  81.00/82.52 80.99/82.57 5131 44.07 0.719 0.794 83.99/85.08 84.05/85.05 5594 54.15 0.543 0.753
’ TFR-Net 80.52/82.72 80.45/82.71 4548 37.71 0.821 0.759 84.65/84.95 84.32/84.69 5534 53.75 0.550 0.745
ALMT 79.88/84.60 80.70/84.81 41.84 3649 0865 0.767 70.05/67.13 72.59/71.76 33.55 30.51 0.535 0.556

LNLN 82.21/84.86 82.43/85.12 52.04 4505 0.760 0.772 83.09/84.39 83.34/84.71 5192 50.63 0.610 0.736

P-RMF  80.90/82.01 80.89/81.94 4840 43.15 0.777 0.759 83.52/8520 83.49/85.17 51.87 4941 0.559 0.765

EASE 81.50/83.44 81.76/83.60 49.37 44.19 0.740 0.778 83.32/84.65 83.40/84.98 52770 5027 0.549 0.742

MISA 53.74/52.18 49.42/48.09 1565 1560 1422 0.171 71.02/62.85 58.99/48.51 2675 3093 0946 0.128
Self-MM  54.37/57.77 43.81/4231 1929 16.86 1.381 0.129 71.02/63.03 58.99/49.22 36.59 36.59 0.832 0.152

MMIM  49.61/54.67 37.63/4695 1720 17.44 1363 0.153 71.01/62.71 59.43/54.70 3197 3196 0.886 0.195
CENET  51.80/57.67 35.71/4226 17.54 17.54 1.387 0.118 69.38/63.23 60.67/52.41 41.70 4170 0.821 0.238

{a,0} TETFN  55.25/57.77 39.32/4231 21.14 21.19 1403 0.097 71.01/62.82 5898/48.53 4131 4131 0.831 0.148
’ TFR-Net 55.30/57.82 39.43/42.43 2595 23.13 1563 0.167 71.02/62.85 58.99/48.88 41.43 4140 0.829 0.163
ALMT 55.05/56.40 66.01/66.99 19.68 1929 1394 0.139 57.38/54.28 70.01/69.52 21.58 21.58 0.867 0.071

LNLN 49.03/52.18 56.84/58.89 17.68 18.80 1.427 0.075 71.02/62.85 83.06/77.19 39.10 39.10 0.847 0.156

P-RMF  55.95/58.42 7198/73.11 20.85 2041 1366 0.109 70.68/63.34 82.16/76.88 37.63 33.59 0.822 0211

EASE 59.89/60.85 66.74/68.61 2537 23.19 1314 0.184 71.02/67.57 82.82/77.73 41.82 3923 0.810 0.252

Fixu Method

Table 10: Generalization comparison on MOSI and MOSEI with inter-modality missing. Note: The smaller MAE
indicates the better performance.
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