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Abstract

Missing modalities remain a major obstacle to the real-world deployment of multimodal
learning systems, as incomplete inputs can substantially degrade model performance.
Existing methods often suffer from biased imputation under high missing rates and lack
uncertainty-aware, differentiated processing. Inspired by three-way decision, a frame-
work for handling uncertainty by adding a deferment option to acceptance and rejection,
we propose three-way multimodal learning with severely missing modalities (3WML-
SMMs), a novel framework that introduces a three-way decision mechanism into both
missing-modality imputation and feature regularization for the first time. Specifically,
3WML-SMM treats variance not merely as a descriptive measure of uncertainty, but as a
decision signal for adaptive processing. Based on this idea, the framework incorporates
(1) a variance-guided three-way imputation strategy with accept–delay–reject decisions
to reduce unreliable reconstruction when only a limited number of complete samples are
available and (2) a dimension-wise adaptive feature enhancement module that performs
fine-grained regularization according to perturbation uncertainty. Experiments on the CMU
Multimodal Opinion Sentiment Intensity (CMU-MOSI) and Multimodal Internet Movie
Database (MM-IMDb) datasets show that 3WML-SMM consistently outperforms repre-
sentative baselines, including reconstruction-based methods, complete-input multimodal
methods, and missing-modality-specific methods under severe missing-modality settings,
with statistically significant improvements over the multimodal learning with severely
missing modality (SMIL) baseline (p < 0.05). These results demonstrate the effectiveness
of the proposed framework, even in extreme settings where only 10% of the text modality
is available.

Keywords: multimodal learning; modality missing; three-way decision; feature reconstruc-
tion; regularization; robustness

1. Introduction
Multimodal learning has achieved remarkable success in tasks such as sentiment anal-

ysis and content understanding by integrating complementary information from diverse
modalities [1,2], including images, text, and audio. Traditional multimodal approaches
typically rely on a strong assumption: that all training and testing samples contain com-
plete and aligned modalities [3]. However, this assumption is often violated in real-world
applications. Due to equipment costs, privacy concerns, and difficulties in data collection,
real-world datasets often suffer from severely missing modalities.
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Existing research on missing modalities mainly follows two directions. One line of
work uses generative models, such as autoencoders (AEs) [4] and generative adversarial
networks (GANs) [5], to reconstruct missing modalities. However, under high missing
rates, these methods often suffer from biased reconstruction because only a limited number
of complete samples are available for effective training. The other line of work adopts
meta-learning frameworks, such as SMIL [6], which is built on Bayesian meta-learning [7],
to learn robust representations under missing-modality settings. Although such methods
alleviate reconstruction bias to some extent, they still rely largely on uniform processing
and cannot adapt reconstruction or regularization to the risk levels of individual samples or
feature dimensions. Therefore, a clear research gap remains: existing methods still lack an
uncertainty-aware and sample-adaptive mechanism for missing-modality reconstruction
and feature regularization under severe missing conditions.

It should be noted that some existing methods are also uncertainty-aware. For example,
SMIL, which is built on Bayesian meta-learning, estimates variance during reconstruction
and regularization to quantify uncertainty under missing modalities. Related ideas have
also appeared in probabilistic approaches such as Probabilistic Conformal Distillation
(PCD) [8], which models missing-modality features as probability distributions to account
for the inherent indeterminacy of mapping incomplete representations to complete ones.
However, in these approaches, uncertainty is mainly used to estimate confidence or adjust
the strength of a predefined operation, whereas our method uses uncertainty as an explicit
decision signal to trigger qualitatively different processing paths. This limitation suggests
that the key challenge is not merely how to estimate uncertainty but how to translate
uncertainty into differentiated actions for cases with different risk levels.

In recent years, three-way decision theory has provided a novel perspective for han-
dling incomplete information [9]. Formally grounded in the Trisecting–Acting–Outcome
(TAO) model [10] and illustrated in Figure 1, three-way decision provides a region-based
framework that partitions uncertain cases into three groups and assigns different actions
accordingly. By enabling this refined form of decision-making, three-way decision has
demonstrated advantages in domains such as recommender systems and anomaly detec-
tion. However, its potential to support region-specific and uncertainty-aware processing
in multimodal learning, particularly for modality imputation and feature regularization,
remains largely unexplored. Because it explicitly links different uncertainty levels to dif-
ferent actions, three-way decision provides a natural conceptual bridge from uncertainty
estimation to adaptive processing in missing-modality multimodal learning.

Figure 1. The conceptual framework of the three-way decision TAO model (redrawn and adapted
from [10]). It illustrates the trisection-driven and acting-driven cycles that form the theoretical basis
of the proposed 3WML-SMM. The function of trisecting, denoted by solid lines, is to divide a whole
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into three related and relatively independent parts. The resulting three parts are called a trisection of
the whole. The function of acting, denoted by dashed lines, is to apply a set of strategies to process
the three parts. By trisecting a whole and acting on the resulting trisection, it would produce an
expected outcome. The function of outcome evaluation is to measure the effectiveness of the results
from a combined effort of trisecting and acting as enclosed by the large dashed rectangular box in
the figure.

To address this gap, this paper proposes three-way multimodal learning with severely
missing modalities (3WML-SMMs), a method inspired by three-way decision theory. Mo-
tivated by this distinction, the proposed method introduces explicit uncertainty-driven
decision mechanisms at both the modality and feature levels. The objective of this study is
therefore to develop an uncertainty-aware and sample-adaptive framework for multimodal
learning under severe missing conditions by introducing differentiated decision mecha-
nisms into missing-modality imputation and feature regularization. Specifically, this paper
makes the following contributions:

1. We introduce three-way decision theory into multimodal learning with missing modal-
ities to develop an uncertainty-aware and sample-adaptive framework for severe
missing-modality settings.

2. To address biased reconstruction under high missing rates, we design a variance-
guided three-way imputation method that selectively accepts reliable reconstructions,
refines ambiguous samples, and rejects highly uncertain imputations.

3. To improve representation robustness under severe missing conditions, we develop
a dimension-level three-way feature enhancement strategy that applies adaptive
perturbations according to feature uncertainty.

The remainder of this paper is organized as follows. Section 2 reviews the related work.
Section 3 formulates the problem and presents the proposed 3WML-SMM method. Section 4
describes the experimental setup, and Section 5 reports and discusses the experimental
results. Finally, Section 6 concludes this paper and outlines future research directions.

2. Related Work
Existing approaches to multimodal learning with missing modalities can be broadly

categorized into generative models, tensor completion, attention mechanisms, meta-
learning, and other methods.

Early studies primarily relied on generative models [11] to reconstruct missing modal-
ities. Autoencoders reconstruct data through an encoder–decoder architecture, generative
adversarial networks generate missing data through adversarial training between a genera-
tor and a discriminator, and multimodal variational autoencoders handle multimodal data
by modeling joint distributions. Nevertheless, the effectiveness of such methods depends
heavily on the availability of sufficient complete samples, and their reconstruction quality
degrades substantially under severe missing conditions, often introducing noise and bias.

Beyond generative approaches, tensor-completion-based methods [12] treat multi-
modal data as an incomplete tensor and exploit prior assumptions, such as low-rank
structures, to impute missing modalities. These methods typically impose constraints
on the data tensor to recover missing parts. However, they often struggle to model the
complex structures and semantic relationships inherent in high-dimensional multimodal
data (e.g., image and text), which limits their imputation performance.

Attention-based methods [13] improve robustness to incomplete inputs by enhancing
model architectures. For instance, cross-modal attention networks can handle the absence
of specific modalities through masking or adaptive weight adjustment. However, standard
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attention mechanisms are typically trained under the assumption that all modalities are
present, and their adaptability to extreme missing scenarios remains limited.

To reduce dependence on complete data, meta-learning frameworks [14] have been
introduced into this field. SMIL employs Bayesian meta-learning to handle missing modali-
ties during both training and testing, using a reconstruction network and a regularization
network for collaborative optimization [15,16]. Similarly, some studies learn modality-
invariant representations through meta-learning to enhance model generalization. How-
ever, such methods typically adopt homogeneous strategies when processing different
samples and fail to make fine-grained adjustments based on sample-specific characteristics,
which limits their performance under complex missing patterns.

Furthermore, knowledge distillation methods [17] transfer knowledge through teacher–
student networks, and their effectiveness is constrained by the quality of the teacher net-
work. Moreover, when modalities are severely missing, the substantial gap between the
teacher and student networks can hinder successful knowledge transfer. Contrastive learn-
ing [18] approaches learn robust representations by constructing positive and negative
sample pairs. Although they improve representation robustness, these methods struggle
to directly recover fine-grained missing-modality information that is beneficial for down-
stream tasks. Graph neural networks [19] model samples and modalities as nodes in a
graph, propagate information, and impute missing modality features through message
passing. The effectiveness of such approaches depends heavily on the quality of graph con-
struction, which poses challenges to their stability and scalability when data distributions
are complex or missing patterns vary.

Overall, existing methods differ not only in technical form but also in the role they
assign to uncertainty under missing modalities. Reconstruction-oriented methods mainly
focus on recovering absent information, yet their effectiveness degrades substantially when
complete samples are scarce. Representation-oriented methods improve robustness to
incomplete inputs, but they usually process all samples within a shared pipeline and offer
limited adaptability to the heterogeneous reliability of severely incomplete data.

Among existing approaches, uncertainty-aware meta-learning methods are most
closely related to our study because they explicitly estimate uncertainty during reconstruc-
tion and regularization. In this line of research, uncertainty is generally used to estimate
confidence or to adjust the strength of a predefined operation, rather than to guide quali-
tatively different treatments for samples or feature dimensions with different risk levels.
Taken together, these studies suggest that the key distinction lies in how uncertainty is
incorporated into the learning process under severe missing-modality conditions. In this
context, three-way decision offers a relevant perspective for examining action-oriented uses
of uncertainty in missing-modality imputation and feature regularization.

3. 3WML-SMM
3.1. Problem Statement

This study investigates multimodal learning under severe missing-modality condi-
tions, where up to 90% of the training samples may lack one modality. Without loss of
generality, this paper considers datasets containing two modalities.

Definition 1 (Multimodal Dataset). A multimodal dataset is defined as

D = {D f , Dm}, (1)

where D denotes the complete multimodal dataset consisting of two subsets: the modality-complete
dataset D f and the modality-missing dataset Dm.
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Definition 2 (Modality-Complete Dataset). The modality-complete dataset is defined as

D f = {x1
i , x2

i , yi}N
i=1, (2)

where x1
i ∈ Rd1 and x2

i ∈ Rd2 represent the feature vectors of the first and second modalities for
the i-th sample, respectively, yi ∈ Y denotes its corresponding class label, and N is the number of
modality-complete samples.

Definition 3 (Modality-Missing Dataset). The modality-missing dataset is defined as

Dm = {x1
j , yj}M

j=1, (3)

where x1
j ∈ Rd1 represents the available modality feature of the j-th sample, yj ∈ Y denotes its class

label, and the second modality is missing. Here, M is the number of modality-missing samples, with
M ≫ N under severe missing conditions (e.g., M/(N + M) ≈ 90%).

The objective is to jointly leverage the modality-complete data D f and the modality-
missing data Dm to learn a robust multimodal model that can make accurate predictions
under severe missing conditions.

A key challenge, therefore, is how to make reliable use of incomplete samples without
introducing excessive uncertainty or noise into the learning process.

3.2. Motivation and Design Rationale

Under severe missing conditions, uncertainty is not only heterogeneous across sam-
ples and feature dimensions but also associated with qualitatively different risks in the
subsequent learning process. Applying a uniform operation after uncertainty estimation
may, therefore, be suboptimal: Reliable cases may be unnecessarily distorted, whereas
unreliable cases may continue to introduce reconstruction bias or unstable perturbations
into downstream representation learning. This setting calls for a mechanism that can
distinguish among cases that should be preserved, further refined, or explicitly suppressed.

From this perspective, a three-way design provides a principled way to align different
uncertainty levels with different intervention strategies. In missing-modality imputation,
it enables the model to distinguish among directly recoverable cases, cases requiring an
additional refinement stage, and cases for which their inferred modality information should
not be directly propagated. In feature regularization, it likewise supports differentiated
treatment of feature dimensions that require only mild perturbation, standard regulariza-
tion, or stronger restraint. In this sense, three-way decision is introduced not merely as a
classification heuristic but as a structural mechanism that links uncertainty estimation to
action selection at both the modality and feature levels.

3.3. Model Design Process

As illustrated in Figure 2, the proposed framework consists of three components: missing-
modality reconstruction, multimodal fusion, and uncertainty-aware feature regularization.

Within the Bayesian meta-learning framework, 3WML-SMM introduces two coupled
three-way decision mechanisms. At the modality level, the three-way imputation router
assigns each sample to the Accept, Delay, or Reject branch according to reconstruction
uncertainty, producing the reconstructed modality x̂2.

The reconstructed modality is then fused with the available modality and fed into
the fusion backbone for prediction. At the feature level, the regularization net estimates
dimension-wise uncertainty and applies different perturbation strategies to different feature
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dimensions. In this way, 3WML-SMM performs adaptive processing at both the modality
and feature levels under severe missing-modality conditions.

Figure 2. 3WML-SMM model architecture. In the figure, the available modality is shown in blue,
the reconstructed modality in orange, the fused features in green, and the backbone network in
gray. Solid arrows indicate forward data flow, while dashed arrows denote uncertainty feedback or
control signals.

3.4. Three-Way Imputation

In scenarios with severe missing modalities, the key challenge is to learn a robust
reconstruction model from limited complete data. The SMIL method adopts a reconstruc-
tion strategy based on prior knowledge [6], and the missing modality is reconstructed
as follows:

x̂2 = ⟨ω,M⟩, where ω ∼ N (µ, diag(σ)), (4)

M denotes the modality prior set learned from complete data. The reconstruction network
predicts the distribution parameters (µ, σ) from the available modality x1.

To enable uncertainty-aware strategy selection during reconstruction, this study com-
putes the sample-level reconstruction uncertainty from the predicted variance σ:

ur(σ) =
1
K

1Tσ, (5)

where ur(σ) denotes the sample-level reconstruction uncertainty, σ ∈ RK is the variance
vector of the weight distribution predicted by the reconstruction network, K = |M| is the
number of modality priors in the modality prior set M, and 1T is a row vector of all ones
used to sum over all prior dimensions.

Based on this uncertainty estimate, we define a three-way imputation function
Timp(ω; σ, x1, µ) to determine the reconstruction action:

ω̃ = Timp(ω; σ, x1, µ) =


ω, if ur(σ) < β,

0, if ur(σ) > α,

gϕg(x
1, µ), if β < ur(σ) < α,

(6)
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where α and β are decision thresholds satisfying 0 < β < α < 1, and gϕg denotes the
enhanced imputation network with parameters ϕg. Accordingly, the uncertainty space is
partitioned into three regions: acceptance (ur(σ) < β), delay (β < ur(σ) < α), and rejection
(ur(σ) > α).

Finally, the refined reconstructed features are computed as follows:

x̂2 = ⟨ω̃,M⟩. (7)

In this way, the reconstruction process is adaptively determined according to the
estimated uncertainty of each sample.

3.5. Three-Way Regularization

In learning tasks with severe missing modalities, the robustness of feature represen-
tations is critically important. The SMIL method enhances model generalization through
feature regularization, and its regularization process can be formally expressed as follows:

hl := hl ◦ Softplus(r), where r ∼ N (µr, diag(σr)), (8)

hl denotes the latent features of the l-th layer. The regularization perturbation vector r is
sampled from a multivariate Gaussian distribution N (µr, diag(σr)).

The distribution parameters are computed by the regularization network fϕr based on
the features hl−1 from the previous layer, i.e., (µr, σr) = fϕr (hl−1), where the mean vector
µr controls the base perturbation strength, and the variance vector σr characterizes the
uncertainty level of each feature dimension. After mapping the perturbation to the positive
domain via an activation function [20], element-wise interaction with the original features
is performed to achieve adaptive feature regularization.

To enable uncertainty-aware strategy selection at the feature-dimension level, this
study introduces a three-way regularization mechanism into the SMIL regularization
framework. For the i-th dimension hi

l of the l-th layer features hl , the uncertainty estimate
σi

r of the perturbation is first obtained via the regularization network. Based on this, a
dimension-wise three-way regularization function Ti

reg(hi
l , ri; σi

r, λ) is defined as follows:

h̃i
l = Ti

reg(h
i
l , ri; σi

r, λ) =


hi

l + λ · Softplus(ri), if σi
r < β′,

hi
l · Sigmoid(ri), if σi

r > α′,

hi
l · Softplus(ri), if β′ < σi

r < α′,

(9)

where σi
r denotes the perturbation uncertainty of the i-th feature dimension predicted by

the regularization network, α′ and β′ are decision thresholds satisfying 0 < β′ < α′ < 1,
and λ is a decay factor (λ < 1) for weak perturbation.

For low-uncertainty dimensions with σi
r < β′, weak additive perturbation is applied

to preserve feature stability. For high-uncertainty dimensions with σi
r > α′, multiplicative

perturbation with Sigmoid activation is applied to control unreliable feature variations. For
moderately uncertain dimensions with β′ < σi

r < α′, standard multiplicative perturbation
is applied to maintain balanced regularization. Finally, the regularized feature vector is
expressed as follows:

h̃l = [h̃1
l , h̃2

l , . . . , h̃dh
l ]T, (10)

where h̃l denotes the regularized feature vector of the l-th layer, and dh denotes the di-
mensionality of the hidden feature space. In this way, feature regularization is adaptively
determined according to the uncertainty of each dimension.
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3.6. Bayesian Meta-Learning

To achieve end-to-end optimization of the proposed three-way decision framework,
this study extends the Bayesian meta-learning formulation adopted in SMIL. Let θ denote
the parameters of the backbone network, and let ψ = {ϕc, ϕg, ϕr} collectively denote the
parameters of the reconstruction network, the enhanced imputation network, and the
regularization network. Let z = {ω, r} denote the set of latent variables consisting of the
reconstruction weights and regularization perturbations [21]. Under this formulation, the
conditional generative process of the model is written as follows:

p(Y, z | X; θ) = p(z)
N

∏
i=1

p(yi | x1
i , x2

i , z; θ)
M

∏
j=1

p(yj | x1
j , z; θ), (11)

where Y denotes the label set of all samples, and X denotes the corresponding multimodal
input data.

In this framework, the reconstruction weights ω and regularization perturbations r
are jointly modeled as latent variables z = {ω, r}, where ω governs the reconstruction of
missing modalities and r controls feature-level regularization. Accordingly, the generative
process contains three components: the prior term p(z), the likelihood term for modality-
complete samples ∏N

i=1 p(yi | x1
i , x2

i , z; θ), and the likelihood term for modality-missing
samples ∏M

j=1 p(yj | x1
j , z; θ).

Within this formulation, the proposed three-way imputation and regularization mod-
ules are jointly incorporated into the latent-variable inference process.

Since the true posterior p(z | X, Y; θ) is intractable, this study adopts variational
inference and uses an amortized distribution q(z | X; ψ) to approximate it [22]. The
corresponding variational lower bound is written as follows:

LELBO(θ, ψ) = Eq(z|X;ψ)[log p(Y | X, z; θ)]− KL[q(z | X; ψ) ∥ p(z)]. (12)

The variational lower bound in Equation (12) consists of two terms. The first term is
the expected conditional log-likelihood for label prediction, and the second term is a KL
regularization term that constrains the approximate posterior toward the prior distribution.

In practice, the expectation term in Equation (12) is approximated by Monte Carlo
sampling. Accordingly, the final training objective is written as follows:

min
θ,ψ

(
− 1

S

S

∑
s=1

log p(Y | X, z(s); θ) + KL[q(z | X; ψ) ∥ p(z)]

)
, z(s) ∼ q(z | X; ψ), (13)

where S is the number of Monte Carlo samples. Equation (13) is written consistently at the
dataset level using (X, Y), and the optimization is performed over the full training set.

During training, latent variables z(s) are sampled from the approximate posterior
q(z | X; ψ) using the reparameterization trick, which enables gradient backpropagation
through the stochastic sampling process. The negative log-likelihood term is evaluated
using these sampled latent variables, while the KL divergence term is computed from the
Gaussian prior and approximate posterior. The losses are aggregated across the training
set to update the network parameters θ and ψ through gradient-based optimization. The
thresholds α, β, α′, β′ are not learned via gradient descent but are treated as hyperparameters
determined by grid search on the validation set, as described in Section 4.2.

This framework jointly optimizes the network parameters through meta-learning,
while the three-way decision thresholds are selected as validation-based hyperparameters.

https://doi.org/10.3390/info17040384

https://doi.org/10.3390/info17040384


Information 2026, 17, 384 9 of 21

3.7. Algorithm Design

Algorithms 1 and 2 summarize the procedural execution of the three-way imputation
and three-way regularization mechanisms defined above. Their purpose is not to restate the
decision rules but to clarify how the corresponding branches are instantiated during com-
putation. In practice, the model compares real-time uncertainty estimates with predefined
thresholds and assigns samples or feature dimensions to the corresponding actions. Such
branch-wise execution can be implemented efficiently through parallel tensor operations.

Algorithm 1 Three-Way Imputation Algorithm

Require: Available modality feature vector x1, reconstruction network fϕc , enhanced im-
putation network gϕg , acceptance threshold β, rejection threshold α, modality prior set
M

Ensure: Reconstructed missing-modality feature x̂2

1: Compute the reconstruction distribution parameters: (µ, σ) = fϕc(x
1) by Equation (4);

2: Compute the sample-level reconstruction uncertainty: ur(σ) =
1
K 1Tσ by Equation (5);

3: if ur(σ) < β then
4: Sample the reconstruction weights: ω ∼ N (µ, diag(σ));
5: Set the reconstruction weights: ω̃ = ω;
6: Perform accepted reconstruction: x̂2 = ⟨ω̃,M⟩ by Equation (7);
7: else if ur(σ) > α then
8: Set the reconstruction weights to zero: ω̃ = 0;
9: Perform rejected reconstruction: x̂2 = ⟨ω̃,M⟩ by Equation (7);

10: else
11: Obtain the refined reconstruction weights: ω̃ = gϕg(x

1, µ) by Equation (6);
12: Perform refined reconstruction: x̂2 = ⟨ω̃,M⟩ by Equation (7);
13: end if

Algorithm 2 Three-Way Regularization Algorithm

Require: Previous-layer feature vector hl−1, current hidden feature vector hl , regulariza-
tion network fϕr , acceptance threshold β′, rejection threshold α′, decay factor λ

Ensure: Regularized feature vector h̃l
1: Compute the perturbation distribution parameters via the regularization network:

(µr, σr) = fϕr (hl−1) by Equation (8);
2: Initialize the regularized feature vector: h̃l = hl ;
3: for each feature dimension j of hl do
4: if σ

j
r < β′ then

5: Sample the perturbation: rj ∼ N (µ
j
r, σ

j
r);

6: Apply additive perturbation: h̃j
l = hj

l + λ · Softplus(rj) by Equation (9);

7: else if σ
j
r > α′ then

8: Sample the perturbation: rj ∼ N (µ
j
r, σ

j
r);

9: Apply multiplicative perturbation: h̃j
l = hj

l · Sigmoid(rj) by Equation (9);
10: else
11: Sample the perturbation: rj ∼ N (µ

j
r, σ

j
r);

12: Apply multiplicative perturbation: h̃j
l = hj

l · Softplus(rj) by Equation (9);
13: end if
14: end for

4. Experiments
4.1. Experimental Dataset

The CMU-MOSI dataset consists of 2199 opinion video clips collected from YouTube
movie reviews. Each clip contains three modalities: image, text, and audio. The image
modality captures visual gestures, the text modality contains transcribed speech, and the
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audio modality consists of raw acoustic signals. Following Liu et al. [23], we extract features
from each modality separately. The dataset is officially divided into training, validation,
and test sets, with detailed statistics provided in Table 1. In this study, only the image and
text modalities are used.

Table 1. Dataset split statistics for CMU-MOSI and MM-IMDb.

Dataset Split Number of Samples Percentage of Total

CMU-MOSI

Training Set 1284 58.4%
Validation Set 229 10.4%

Test Set 686 31.2%
Total 2199 100%

MM-IMDb

Training Set 15,552 59.9%
Validation Set 2608 10.1%

Test Set 7799 30.0%
Total 25,959 100%

The MM-IMDb dataset contains two modalities: image and text. This study uses the
dataset for movie genre prediction, a task that can be performed using either the image
or text modality alone. Since a movie may belong to multiple genres simultaneously, this
task is inherently a multi-label classification problem. The dataset comprises 25,959 movie
samples covering 23 categories. The official training/validation/test split follows the
scheme established by Vielzeuf et al. [24], with detailed statistics provided in Table 1.

4.2. Experimental Settings

We evaluate the proposed method on both the CMU-MOSI and MM-IMDb datasets
using the parameter settings listed in Table 2. In all experiments, the image modality is
assumed to be always complete, and missingness is introduced only in the text modality.
This setting is adopted to provide a controlled severe-missing scenario in which the visual
modality serves as a stable reference, while the model is evaluated on its ability to cope with
limited text information. The text-modality completeness rate is defined as η = Ntext/Ntotal,
where Ntext denotes the number of samples with available text modality and Ntotal is the
total number of samples. A smaller η indicates more severe text-modality missingness. In
this study, two settings are considered, namely, η ∈ {0.1, 0.2}, corresponding to 10% and
20% available text modalities, respectively. Equivalently, these correspond to 90% and 80%
text-missing rates. For each setting, samples with available text modality are randomly
selected, while the remaining samples are treated as text-missing. This missingness process
is implemented through random subsampling rather than replication of existing data points.
Accordingly, the modality combination for each setting is represented as 100% image +
η% text.

Table 2. Parameter settings.

CMU-MOSI Dataset MM-IMDb Dataset

Parameter Value Parameter Value

Batch Size 32 Batch Size 128
Optimizer Adam Optimizer Adam

Inner Loop LR 1 × 10−4 Inner Loop LR 1 × 10−4

Outer Loop LR 1 × 10−4 Outer Loop LR 1 × 10−3

Iterations 5000 Iterations 10,000
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For the CMU-MOSI dataset, image and text modality features are obtained following
the approach of Liu et al. [23]. The image modality is embedded through three fully
connected layers with a dimension of 16, while the text modality features are extracted
using a single-layer LSTM [25]. The two modality features are then concatenated and
fed into a fully connected layer for classification. Training is performed using the Adam
optimizer [26].

For the MM-IMDb dataset, image and text modality features are extracted using
the model proposed by Arevalo et al. [27]. Features from each modality are aligned in
dimension through fully connected layers before fusion and are finally fed into a fully
connected layer for multi-label classification. To address label imbalance, following the
approach of Vielzeuf et al., a weight coefficient of 2.0 is assigned to positive samples to
balance precision and recall.

Imputation Decision Thresholds: The threshold pair (α, β) is set to (0.7, 0.3). Both
thresholds are constrained to the interval (0, 1) with β < α, ensuring that the acceptance,
delay, and rejection regions are properly nested. The imputation thresholds are tuned
on the validation set by grid search over candidate values α ∈ {0.5, 0.6, 0.7, 0.8} and
β ∈ {0.2, 0.3, 0.4} under the constraint 0 < β < α < 1. The final threshold pair is selected
according to the best validation performance under the corresponding evaluation metric of
each dataset.

Regularization Parameters: The threshold pair (α′, β′) is set to (0.8, 0.2), and the decay
factor is set to λ = 0.5. Similarly, the regularization thresholds are determined by validation-
based grid search over predefined candidate values under the constraint 0 < β′ < α′ < 1.
The final configuration is selected according to the best validation performance under the
corresponding evaluation metric of each dataset so as to provide sufficient robustness for
high-uncertainty features while preserving the stability of low-uncertainty features.

4.3. Baselines

Lower Bound: This baseline model is trained using only a single modality (e.g., 100%
image or 100% text). Its performance serves as the lower-bound benchmark for evaluating
the proposed method.

Upper Bound: This baseline model is trained using all modalities (i.e., 100% image
and 100% text). Its performance is regarded as the upper-bound benchmark in this study.

Multimodal Variational Autoencoder (MVAE) [28]: MVAE is a model proposed for
multimodal generative tasks. In this study, we adopt the widely used linear evaluation
protocol to adapt it for classification tasks. Specifically, MVAE is first pre-trained using all
modalities; then, with its model parameters frozen, the latent representations generated by
its encoder are used to train a randomly initialized linear classifier.

AE [4]: AE is an autoencoder-based model used for modality reconstruction. In
our experiments, AE is employed as a preprocessing method to alleviate severe missing
modalities. Specifically, a subset of modality-complete samples is first selected from the
original dataset. One modality is then masked during training, and the trained AE is used
to reconstruct the missing modality for incomplete samples.

GAN [5]: GAN is a deep generative model consisting of a generator and a discrimi-
nator. In this study, we follow the same preprocessing procedure as that used for AE and
employ GAN to address the missing-modality problem in the same manner.

Multimodal Transformer (MulT) [29]: MulT is a representative Transformer-based
multimodal fusion model that employs cross-modal attention mechanisms to directly
model interactions between modalities.
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Modality-Invariant and Specific Representations for Multimodal Sentiment Analysis
(MISA) [30]: This is a method that explicitly disentangles representations into modality-
invariant and modality-specific components to learn more robust representations.

Self-Supervised Multi-task Multimodal Sentiment Analysis Network (Self-MM) [31]:
Self-MM is a self-supervised framework that enhances robustness to incomplete modalities
by generating labels for missing modalities.

Transformer-Based Feature Reconstruction Network (TFR-Net) [32]: TFR-Net is a
network specifically designed to handle missing modalities during testing by recovering
missing information through feature reconstruction.

Contrastive Learning and Multi-Layer Fusion (CLMLF) [33]: CLMLF is a contrastive
learning-based multimodal framework that learns robust representations under missing
modalities by constructing a cross-modal contrastive loss.

CIF-Aware Missing Modality Imagination Network (CIF-MMIN) [34]: CIF-MMIN is a
method that acquires modality-invariant features for multimodal sentiment recognition
under missing modalities based on contrastive learning.

For fairness, all baseline methods are evaluated under the same data splits, missing-
modality protocol, and evaluation metrics as the proposed method. Specifically, the image
modality is always kept complete, while the text modality is made severely missing accord-
ing to the tested completeness rates. Reconstruction-based baselines, such as AE and GAN,
are first trained on the modality-complete subset to recover the missing text modality, after
which the imputed samples are used for downstream multimodal classification under the
same classifier setting. For MVAE, we follow the standard linear evaluation protocol: The
model is first pre-trained using complete multimodal data, and then, its encoder is frozen
while a linear classifier is trained on the resulting latent representations.

For baselines originally designed for complete multimodal inputs, such as MulT and
MISA, training and testing are conducted using only the modalities available under each
missing setting, without introducing additional imputation beyond the observed inputs.
For methods explicitly designed for missing-modality learning, including Self-MM, TFR-
Net, CLMLF, CIF-MMIN, and SMIL, we follow their original implementation principles
while re-training them under the same missing-text masks, data partitions, and evaluation
criteria used in our experiments. Therefore, all methods are compared under a unified and
controlled experimental protocol.

4.4. Evaluation Metrics

To comprehensively evaluate the performance of the proposed 3WML-SMM method
under severe missing-modality conditions, two types of evaluation metrics are used ac-
cording to the task characteristics of the two datasets.

For the binary sentiment prediction task on the CMU-MOSI dataset, we use accuracy
and F1 scores as evaluation metrics. Accuracy measures the proportion of correctly pre-
dicted samples among all samples, while the F1 score is the harmonic mean of precision
and recall, providing a more comprehensive assessment of classification performance on
imbalanced data. The formulas for these metrics are as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
, (14)

F1 = 2 × Precision × Recall
Precision + Recall

, (15)

where TP (True Positive) denotes the number of true positive samples, TN (True Negative)
denotes the number of true negative samples, FP (False Positive) denotes the number of false
positive samples, and FN (False Negative) denotes the number of false negative samples.
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For the multi-label movie genre classification task on the MM-IMDb dataset, we use
F1-Samples and F1-Micro as evaluation metrics. F1-Samples is computed at the sample
level, where the F1 score is calculated for each sample and then averaged over all samples.
F1-Micro computes the F1 score by globally accumulating TP, FP, and FN across all samples.
These two metrics provide an effective way to evaluate the overall performance of the
model on multi-label classification tasks. The formulas for these metrics are as follows:

F1-Samples =
1
N

N

∑
i=1

2 × |Yi ∩ Ŷi|
|Yi|+ |Ŷi|

, (16)

F1-Micro =
2 × ∑N

i=1 |Yi ∩ Ŷi|
∑N

i=1 |Yi|+ ∑N
i=1 |Ŷi|

, (17)

where N denotes the total number of samples, Yi denotes the true label set of the i-th
sample, and Ŷi denotes the predicted label set of the i-th sample.

5. Results and Analysis
5.1. Comparison with the Baseline Model

To comprehensively validate the effectiveness of the proposed method (3WML-SMM)
under severe missing-modality conditions, we conduct systematic experiments on the
CMU-MOSI and MM-IMDb datasets. As shown in Tables 3 and 4, the proposed method is
evaluated from multiple perspectives appropriate to each dataset, including accuracy and
F1 score on CMU-MOSI, as well as F1-Samples and F1-Micro on MM-IMDb. Across these
evaluation metrics, 3WML-SMM achieves the best performance under all tested severe
missing-modality settings.

Table 3. Binary classification performance on the CMU-MOSI dataset with different text modality
proportions.

Model
Accuracy (%) F1 Score

10% 20% 100% 10% 20% 100%

Lower-Bound - - 44.8 - - 27.7
Upper-Bound - - 71.0 - - 70.5
MVAE [28] - - 58.5 - - 58.1
AE [4] 56.4 60.4 - 54.4 59.0 -
GAN [5] 56.5 60.6 - 54.6 59.1 -
MulT [29] 57.5 61.0 81.5 56.8 60.5 80.2
MISA [30] 57.0 60.5 80.0 56.5 60.0 79.1
Self-MM [31] 58.2 61.8 80.8 57.7 61.3 79.5
TFR-Net [32] 58.5 62.0 79.0 58.0 61.5 77.8
CLMLF [33] 59.0 62.3 84.2 58.5 61.8 83.7
CIF-MMIN [34] 59.8 62.7 86.8 59.2 62.3 85.6
SMIL [6] 60.7 63.3 - 58.0 62.5 -
3WML-SMM (Ours) 62.5 64.6 - 60.5 64.1 -

‘-’ indicates that this setting is not applicable or does not require testing. Bold indicates the best performance in
each column.

Several observations can be drawn from Tables 3 and 4. Reconstruction-based baselines
such as AE and GAN generally show lower performance than the stronger multimodal
and missing-modality-specific baselines under severe missing settings. Methods based on
strong cross-modal interaction, such as MulT and MISA, also tend to perform less favorably
when one modality is highly incomplete.

The comparison with SMIL further suggests that uncertainty estimation alone may be
insufficient to ensure robust learning under severe missing conditions. Although SMIL is
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the strongest comparative baseline in our experiments, 3WML-SMM consistently achieves
better results across the tested severe missing settings. These results suggest that, beyond
estimating uncertainty, the way uncertain information is handled during learning is also
important under severe missing conditions.

Table 4. Multi-label classification performance on the MM-IMDb dataset with different text modality
proportions.

Model
F1-Samples F1-Micro

10% 20% 100% 10% 20% 100%

Lower-Bound - - 47.6 - - 48.2
Upper-Bound - - 61.7 - - 62.0
MVAE [28] - - 48.4 - - 48.6
AE [4] 44.5 50.9 - 44.8 50.7 -
GAN [5] 45.0 51.1 - 44.6 51.0 -
MulT [29] 46.8 52.5 63.5 47.0 52.8 63.8
MISA [30] 46.2 51.9 62.8 46.5 52.1 63.0
Self-MM [31] 47.5 53.2 63.9 47.8 53.5 64.1
TFR-Net [32] 47.8 53.0 61.5 48.0 53.3 61.7
CLMLF [33] 48.4 53.4 64.7 48.5 53.6 65.2
CIF-MMIN [34] 48.8 53.7 68.2 48.7 54.2 68.5
SMIL [6] 49.2 54.1 - 49.5 54.6 -
3WML-SMM (Ours) 50.7 55.4 - 50.8 56.2 -

‘-’ indicates that this setting is not applicable or does not require testing. Bold indicates the best performance in
each column.

5.2. Statistical Significance Analysis

To further assess the statistical reliability of the observed performance gains, we
conduct a paired t-test comparing 3WML-SMM with SMIL. SMIL is chosen as the statistical
comparator because it is the most directly related uncertainty-aware baseline and also
one of the strongest comparative baselines under the severe missing-modality settings
considered in this study. All experiments are repeated 10 times using different random
seeds. For each setting (dataset, missing rate, and evaluation metric), the paired t-test
is performed based on the 10 paired performance differences between 3WML-SMM and
SMIL. The t-statistic is computed as follows:

t =
d̄

σd/
√

n
, (18)

where d̄ denotes the mean of the paired performance differences between 3WML-SMM and
SMIL across repeated runs, σd denotes the standard deviation of these paired differences,
and n denotes the number of runs. The corresponding p-value is derived from the t-
distribution with n − 1 degrees of freedom.

As shown in Table 5 and Figure 3, the paired t-test results indicate that the performance
improvements of 3WML-SMM over SMIL remain statistically significant (p < 0.05) in all
evaluated cases.

Overall, the statistical test results support the reliability of the observed performance
gains of 3WML-SMM over SMIL under severe missing conditions. These results provide
complementary statistical evidence for the empirical comparisons reported in Section 5.1.
The specific effects of the proposed mechanisms are further examined in the subsequent
ablation and visualization analyses.
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Table 5. Exact p-values of the paired t-tests for the comparison between 3WML-SMM and SMIL
across all evaluated settings.

Dataset Text Availability Metric p-Value

CMU-MOSI
10% Accuracy (%) 0.018

F1 Score 0.009

20% Accuracy (%) 0.032
F1 Score 0.025

MM-IMDb
10% F1-Samples 0.028

F1-Micro 0.026

20% F1-Samples 0.035
F1-Micro 0.030

10 20
Text Modality Ratio

0.01

0.02

0.03

0.04

0.05

p-
va

lu
e

CMU-MOSI

Accuracy p-value
F1 Score p-value

= 0.05

10 20
Text Modality Ratio

0.025

0.030

0.035

0.040

0.045

0.050

p-
va

lu
e

MM-IMDb

F1-Samples p-value
F1-Micro p-value

= 0.05

Figure 3. p-values of the paired t-test for the performance improvement of 3WML-SMM over SMIL
on the CMU-MOSI and MM-IMDb datasets under different missing-modality settings.

5.3. Visualization Analysis of Feature Space

This study conducts a visualization analysis of the multimodal embeddings learned by
the model on the MM-IMDb dataset. Figure 4 presents a t-distributed stochastic neighbor
embedding (t-SNE) visualization of the learned embedding spaces under different text-
modality availability ratios. Three movie genres with substantial visual and semantic
differences are selected as examples, where the red, green, and blue points denote ‘Sport’,
‘Film-Noir’, and ‘Western’, respectively.

As shown in Figure 4, in the embedding space of the image-only lower-bound base-
line (Figure 4a), samples from different categories are highly mixed and exhibit limited
discriminability. In contrast, in the embedding space learned by 3WML-SMM with only
10% text modality available (Figure 4b), intra-class aggregation begins to improve, resulting
in clearer inter-class boundaries. This improvement becomes more pronounced when
text-modality availability increases to 20% (Figure 4c), where the feature distributions
exhibit substantially improved intra-class compactness and inter-class separation.

Despite the high missing rates of the text modality (90% and 80%, respectively), 3WML-
SMM effectively filters and enhances the available information, thereby learning more dis-
criminative feature representations. Notably, the visualization results of 3WML-SMM with
20% text (Figure 4c) move toward the clearer intra-class clustering and inter-class separation
exhibited by the upper-bound baseline (Figure 4d), which uses all complete modalities.
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(a) (b)

(c) (d)

Figure 4. t-SNE visualization of feature embeddings on the MM-IMDb dataset. Different colors
represent different movie genres: red for Sport, green for Film-Noir, blue for Western. Each point
shape corresponds to a single data sample. (a) Lower-Bound: 100% Image. (b) Ours: 100% Image +
10% Text. (c) Ours: 100% Image + 20% Text. (d) Upper-Bound: 100% Image + 100% Text.

5.4. Ablation Study

To examine the contribution of each core component in the proposed three-way
decision framework, we conduct systematic ablation experiments on the MM-IMDb dataset.
As shown in Table 6, removing or simplifying key model designs leads to consistent
performance decreases across all reported metrics, suggesting that each module contributes
positively under severe missing conditions.

Table 6. Ablation study on the MM-IMDb dataset.

Model
F1-Samples F1-Micro

10% 20% 10% 20%

w/o Both 0.492 0.541 0.495 0.546
w/ Imputation Decider 0.495 0.543 0.497 0.548
w/ Regularization Decider 0.498 0.547 0.501 0.552
w/o Delay 0.502 0.548 0.503 0.554
3WML-SMM (Full) 0.505 0.552 0.508 0.558

‘Both’ refers to the imputation decider and the regularization decider. Bold indicates the best performance in each
column.

The ablation results show that the full model consistently outperforms all simplified
variants across the reported metrics, suggesting that each proposed component contributes
to the overall effectiveness of the full model under severe missing conditions. In particular,
removing either the three-way imputation mechanism or the three-way regularization
mechanism leads to lower performance than that of the full model. In addition, the perfor-
mance gap between the full model and 3WML-SMM without delay suggests that the delay
branch may provide useful additional flexibility beyond a binary accept–reject strategy.
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To further examine the role of the delay mechanism, Table 7 reports several runtime
statistics of the full 3WML-SMM model on the MM-IMDb dataset with 20% text available.

Table 7. Quantitative analysis of the ‘Delay’ decision on the MM-IMDb dataset with 20% text available.

Analysis Category Delay Decision Statistics Result

Decision Distribution
Delayed Region Sample Ratio 35.2%
Accepted Region Sample Ratio 49.7%
Rejected Region Sample Ratio 15.1%

Enhancement Effect
Samples with Significantly Improved

Confidence * 82.4%

Average Confidence Improvement +44.7%

Performance Contribution Relative Contribution to ‘w/o Delay’
Performance Gain + ∼41.3%

‘*’ indicates a delayed sample with relative confidence improvement > 30%. ‘+’ indicates the estimated contribution
of the delay mechanism to the performance gain relative to the variant without delay.

Significant Confidence Improvement *: For each delayed sample, reconstruction
confidence is defined as the inverse of the sample-level reconstruction uncertainty. Let σ

denote the uncertainty vector before enhanced imputation, and let σ′ denote the refined
uncertainty vector additionally estimated for delayed samples by the enhanced imputation
network. The confidence values before and after enhanced imputation are then defined
as follows:

Cbefore =
1

ur(σ)
, Cafter =

1
ur(σ′)

. (19)

A delayed sample is considered significantly improved if

Cafter − Cbefore
Cbefore

> 0.3. (20)

The reported percentage represents the proportion of delayed samples that satisfy this
condition, and the average confidence improvement is computed over all delayed samples.

Performance Gain Contribution +: This value is estimated by comparing the perfor-
mance difference between the full 3WML-SMM model and the ‘w/o Delay’ variant under
the same dataset setting and evaluation metric. Specifically, let Pfull denote the performance
of the full model, and let Pw/o Delay denote the performance of the variant without the delay
mechanism. The relative contribution of the delay mechanism is then computed as follows:

Contribution =
Pfull − Pw/o Delay

Pfull
. (21)

This value reflects the proportion of the total performance gain attributable to the delayed-
sample processing branch rather than serving as an independent evaluation metric.

Table 7 shows that 35.2% of samples are assigned to the delay region, indicating that a
non-negligible proportion of samples fall within an intermediate uncertainty range under
severe missingness. Among these delayed samples, 82.4% achieve significant confidence
improvement after enhanced imputation, with an average increase of 44.7%. In addition,
the estimated contribution of the delay branch relative to the ‘w/o Delay’ variant is approx-
imately 41.3%, suggesting that the delay mechanism is associated with a meaningful part
of the overall performance gain of the full model. Since the delay mechanism is applied
only to samples routed to the delay region, it introduces additional computation selectively
rather than uniformly across all samples.

As illustrated in Figure 5, the three regions exhibit distinct spatial patterns that are
broadly consistent with their functional roles. Accept-region samples form a relatively
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dense cluster, delay-region samples occupy an intermediate transitional zone, and reject-
region samples are distributed farther from the core. This spatial pattern is consistent with
the quantitative statistics in Table 7.

6 4 2 0 2 4 6
Projected Dimension 1

6

4

2

0

2

4

6

Pr
oj

ec
te

d 
Di

m
en

sio
n 

2

Sample Distribution Across Three Regions
(MM-IMDb, 20% Text Available)
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Figure 5. Sample distribution across the accept, delay, and reject regions of the three-way imputation
stage on MM-IMDb with 20% text available.

Overall, the ablation results indicate that the three-way imputation decider, the three-
way regularization decider, and the delay mechanism each contribute positively under
severe missing conditions, while their combination yields the strongest overall performance
among the tested variants.

5.5. Sensitivity Analysis of Imputation Thresholds

The selection of the acceptance threshold β and rejection threshold α in the three-way
imputation mechanism may affect model performance. To investigate the sensitivity of
3WML-SMM to these thresholds, we conduct a grid search on the CMU-MOSI dataset under
severe missing conditions (η = 0.1, i.e., 10% text available), with α ∈ {0.5, 0.6, 0.7, 0.8} and
β ∈ {0.2, 0.3, 0.4}. The results are presented in Figure 6.
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Figure 6. Threshold sensitivity analysis on CMU-MOSI with η = 0.1 (10% text available). Each cell
shows the classification accuracy (%) for a given (α, β) pair; darker color indicates higher accuracy.
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Figure 6 shows that the classification accuracy first increases and then decreases
as the thresholds move away from the optimal setting, with the best result achieved at
(β = 0.3, α = 0.7). This pattern indicates that three-way imputation requires a balance
between preserving reliable samples and preventing uncertain ones from exerting excessive
influence on subsequent learning. Around the optimal setting, the model remains relatively
stable, maintaining accuracy above 62.0% for β ∈ [0.2, 0.3] and α ∈ [0.6, 0.7]. Moreover,
performance varies more noticeably with β than with α, suggesting that the acceptance
threshold plays a more critical role than the rejection threshold under severe missingness.

6. Conclusions
This paper investigates multimodal learning under severe missing-modality condi-

tions and proposes 3WML-SMM, a framework that introduces three-way decision into both
missing-modality imputation and feature regularization. Specifically, the proposed method
uses variance-guided three-way imputation to differentiate among samples with different
levels of reconstruction uncertainty and adopts dimension-level three-way regularization
to perform uncertainty-aware feature enhancement.

The experimental results of the CMU-MOSI and MM-IMDb datasets show that 3WML-
SMM achieves competitive performance under the evaluated severe missing-modality
settings. The ablation and quantitative analyses are broadly consistent with the intended
roles of the proposed modules, especially the usefulness of the delay mechanism for
handling uncertain but potentially recoverable samples.

Despite these encouraging results, the current study remains limited to two benchmark
datasets and a specific missing-modality setting in which the image modality is complete
while the text modality is severely missing. In addition, the decision thresholds are selected
as validation-based hyperparameters rather than being learned adaptively during training.
Future work will therefore evaluate the proposed framework under more diverse missing
patterns and more complex multimodal settings while also exploring adaptive threshold-
learning strategies.
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