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ABSTRACT

Multimodal deep learning has achieved remarkable progress
by leveraging complementary information across heteroge-
neous data sources such as texts, images, audios, and struc-
tured signals. While increasingly powerful encoders and
fusion mechanisms have improved predictive performance,
the reliability of multimodal systems remains a critical chal-
lenge. In particular, modality disagreement, distribution
shifts, and noisy inputs can lead to overconfident yet incor-
rect predictions.

Distinct from existing surveys on uncertainty in deep learn-
ing [45] or on multimodal learning [8; 135], this survey jointly
covers three aspects: (i) the structural foundations of mul-
timodal classification examined through the lens of the un-
certainty challenges each design choice introduces; (ii) un-
certainty quantification in both unimodal and multimodal
settings; and (iii) set-valued classification as a decision-level
strategy for cautious multimodal prediction. We first review
foundational aspects of multimodal representation learning
and fusion strategies, highlighting their structural limita-
tions in modeling inter-modal dependence and the uncer-
tainty challenges each stage introduces. We then examine
uncertainty quantification methods in deep learning, includ-
ing both probabilistic and evidence-theoretic approaches,
and analyze how these techniques extend to multimodal
settings. Special attention is given to conflict-aware fu-
sion mechanisms and to decision-level strategies such as set-
valued classification, which enable more cautious and infor-
mative predictions.

Beyond reviewing existing methods, we identify key open
challenges, including the modeling of partial dependence be-
tween modalities, the need for systematic benchmarking of
multimodal uncertainty, and the integration of uncertainty
into decision-making pipelines. Finally, we discuss how these
reliability challenges extend to emerging multimodal agentic
systems. By synthesizing advances across multimodal learn-
ing and uncertainty modeling, this survey aims to provide a
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unified perspective and to outline recent research directions
toward more reliable multimodal Al systems.

1. Introduction

In recent years, multimodal deep learning (MDL) has seen
increasing adoption in various domains, where fusing infor-
mation from different data sources, such as images, texts,
and audios, can improve predictive performance [129; 34;
115; 74]. Combining information from diverse data sources
requires different design choices, including the methods used
to extract and encode relevant information from each modal-
ity, the choice of when and how to fuse the information, and
how to make the final prediction. Consequently, there has
been a growing interest in developing multimodal learning
architectures that do not only improve prediction accuracy
but also reflect the reliability of the fused decision and ef-
fectively estimate the uncertainty.

Indeed, these heterogeneous data streams inherently possess
fluctuating degrees of noise, occlusion, and missing infor-
mation. By explicitly modeling both aleatoric uncertainty
(data-inherent noise) and epistemic uncertainty (model ig-
norance), multimodal systems can dynamically calibrate their
fusion mechanisms. This allows the model to intelligently
down-weight corrupted or ambiguous modalities while ac-
tively leaning on more reliable signals, thereby preventing
the propagation of silent errors during representation align-
ment. Furthermore, as these complex models are increas-
ingly deployed in high-stakes environments like clinical di-
agnostics and autonomous navigation, robust uncertainty
estimates are paramount. They provide the vital mecha-
nisms needed for safe out-of-distribution (OOD) detection,
mitigating catastrophic multimodal wrong prediction, and
ultimately bridging the gap between raw predictive perfor-
mance and trustworthy Al.

This paper discusses the evolution of multimodal deep learn-
ing and multimodal uncertainty quantification methods, high-

lighting both foundational work and state-of-the-art approaches.

It also outlines the key challenges in this domain, including
the complexity of existing approaches, the difficulty of han-



77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99

100

101

102

103

108
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125

127
128

129
130
131
132
133

134
135
136

dling conflicting or uninformative modalities, and the need
for efficient, actionable, and trustworthy predictions from
multimodal inputs.

Several surveys address related but distinct problems. [45]
provides a comprehensive treatment of uncertainty quan-
tification (UQ) in deep learning, focusing primarily on uni-
modal architectures. Multimodal learning surveys [8; 135]
cover fusion and representation challenges but do not ad-
dress uncertainty modeling in depth. To our knowledge,
no existing survey jointly covers (i) the structural founda-
tions of multimodal classification with an explicit focus on
the uncertainty challenges introduced at each stage, (ii) UQ
methods in both unimodal and multimodal settings, and (iii)
decision-level strategies such as set-valued classification for
cautious multimodal prediction. This survey fills this gap by
providing a unified perspective connecting all three dimen-
sions, and by showing how limitations in fusion architecture
directly motivate uncertainty-aware design.

The remainder of this paper is structured as follows: Sec-
tion 2 reviews the recent key developments and the cur-
rent trends in multimodal deep learning. Sections 3 and 4
present uncertainty quantification approaches in unimodal
and multimodal settings, respectively. Section 5 discusses
the challenges of evaluating multimodal UQ methods. Fi-
nally, Section 6 summarizes the main insights and outlines
future research directions.

2. Multimodal Deep Learning Founda-

tions

Multimodal (or multi-view) deep learning (MDL) aims to
leverage and combine information from diverse data types,
such as images, audios, and texts, and other types of signals,
that could not previously be jointly integrated, in order to
improve the performance of machine learning models. Al-
though there is no universally accepted distinction between
the terms multimodal and multi-view, they are often used
interchangeably in the literature, with broadly similar def-
initions [140; 171; 135]. In the same line, we will use the
terms multimodal and multi-view interchangeably through-
out this paper. We define multimodal data as data that
is represented in different forms or collected from different
sources, but that describes the same underlying entity or
concept [171].

Different modalities often contain complementary informa-
tion, and combining them can lead to a more comprehensive
representation of the underlying real-world entities or phe-
nomena [93]. [8] identify five key challenges in MDL: data
representation, translation, modality alignment, fusion, and
co-learning described as follows:

e Representation: How to represent different modalities
in a way that captures both their complementarity and
redundancy.

o Translation: How to translate information between
modalities (e.g., from image to text, or from text to
audio). Since we focus on multimodal classification,
inter-modal translation will not be discussed further
in this article.

e Alignment: Ensuring that data from different modali-
ties, such as text, images, and audio, refer to the same
underlying concept or instance, whether at the data,
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feature, or semantic level. For example, in video cap-
tioning, alignment ensures that the text accurately de-
scribes the visual content. At the semantic level, mod-
els may associate concepts across modalities (e.g., link-
ing an image of a cat with the spoken word "cat") de-
spite differences in representation. While some meth-
ods enforce alignment explicitly, many models learn it
implicitly through supervision on the main task (e.g.,
classification or captioning) [92].

e [usion: Combining information from multiple modal-
ities to perform a prediction. Different modalities can
provide varying levels of information, and may contain
noise, inaccuracies, or disagreements.

e (o-Learning: Transferring knowledge between modal-
ities. Co-learning mainly explores how models can
be benefited from other models trained on different
modalities.

Beyond these challenges, we also highlight an additional
issue that is highly relevant for multimodal classification:
the modality imbalance, closely related to representation
learning, when learning rates are different depending on the
modality or when one modality dominates the training pro-
cess, often leading to suboptimal joint representations [162].
In this paper, our primary focus is on multimodal classifica-
tion, and in this section we review approaches and challenges
in representation learning, multimodal fusion, and learning
objectives, and modality imbalance. These three aspects are
deeply interconnected: the quality of representation learning
determines the informativeness of unimodal features; fusion
governs how these features are combined into a joint deci-
sion; and learning objectives influence both representation
and fusion by shaping how modalities are weighted during
training. A recurring challenge across all three is modality
imbalance, where some modalities dominate while others are
underutilized, leading to suboptimal joint models. Address-
ing these issues is central to designing efficient and reliable
multimodal classifiers.

These challenges have direct implications for uncertainty
modeling that motivate the content of later sections. The
quality of representation learning determines whether per-
modality uncertainty can be estimated reliably: noisy or
poorly calibrated representations propagate errors into any
downstream uncertainty estimate. Fusion design governs
how uncertainty is combined across modalities: strategies
that assume equal modality reliability cannot detect nor

propagate uncertainty arising from inter-modal conflict. Modal-

ity imbalance introduces systematic overconfidence when dom-
inant modalities suppress the uncertainty signals of weaker
sources. We highlight these implications throughout this
section to build a principled motivation for the uncertainty
quantification frameworks reviewed in Sections 3 and 4.
Other classical challenges of multimodal learning are less
relevant in our scope. The challenge of translation pertains
to tasks involving inter-modal generation, which falls out-
side the focus of this work. Similarly, co-learning typically
addresses transfer learning across modalities in different set-
tings. While explicit alignment can sometimes improve clas-
sification, it is often not essential, since semantic alignment
is usually learned implicitly through supervision.

Scope note. The subsections below review representation
learning, fusion strategies, and learning objectives as they
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bear on uncertainty in multimodal classification. Rather
than providing a comprehensive taxonomy of all MDL ar-
chitectures, this section deliberately emphasizes the design
choices that introduce calibration or conflict challenges, pro-
viding principled motivation for the UQ frameworks reviewed
in Sections 3 and 4.

2.1 Multimodal Classification Steps

There are various taxonomies for multimodal classification,
with one of the most widespread being based on the stage
of the pipeline at which fusion occurs. Based on this, mul-
timodal networks are categorized into three types: early fu-
sion, intermediate fusion, late fusion [121]. Some architec-
tures that use a combination of these taxonomies are also
often referred as hybrid fusion. However, [135] argue that
classifying architectures solely by fusion stage is not suf-
ficiently specific to capture the diversity of current multi-
modal pipelines. Hence, they propose a more detailed tax-
onomy based on five stages: 1) Preprocessing, 2) Feature
extraction, 3) Data fusion, 4) Primary learning, and 5) Fi-
nal classification. In this paper, we follow the taxonomy
provided by [135], while merging the feature extraction and
primary learning stages into a single category referred to
as representation and primary learning. We thus categorize
the stages of multimodal classification pipelines into: 1) Pre-
processing, 2) Representation / primary learning, 3) Fusion,
and 4) Final classifier (Figure 1).

a 1=

1) Preprocessing

[Modality 1 [Modality 2| ~ |Modality 3|
2) R_epresentat_lon Feature Feature Feature
/ Primary learning Extractor Extractor Extractor

3) Fusion

4) Final Classification

—

Figure 1: An example of a multimodal classifier divided into
the proposed stages.

In many architectures, several of these stages can be shared
and performed by the same neural network.

In the following subsections, we will review the main ar-
chitectures in multimodal deep learning and their advances,
focusing on representation learning and data fusion stages.

2.1.1 Preprocessing & Multimodal Representation
Learning

This section presents the first two stages of the pipeline,
with a particular focus on approaches including multimodal
representation learning.

The preprocessing stage can include data cleaning, normal-
ization, addressing missing values, and typically varies de-
pending on the modality. For instance, text preprocess-
ing may include normalization and tokenization; audio pre-
processing often involves converting waveforms to spectro-
grams; and image preprocessing may include cropping, re-

242
243
244

246

sizing, or normalization. Often, deep learning architectures
may omit the preprocessing steps, and perform the learning
from raw data.

An important consideration in multimodal classification is
how each modality is represented before fusion, since the
quality of learned features sets the foundation for cross-
modal integration. We therefore review approaches for rep-
resentation learning, tracing their evolution from handcrafted
features to deep encoders and foundation models. A brief
overview of representation learning approaches is illustrated
in Figure 2.

In the early days of multimodal learning, feature extrac-
tion relied primarily on hand-crafted techniques, such as
SIFT [98] for images and bag-of-words [53] for text. Fusion
was often performed using linear methods such as Canonical
Correlation Analysis (CCA) [57], which maximized cross-
modal correlations. Extensions such as discriminative CCA
[28; 76; 180] incorporated label information, yet these ap-
proaches remained limited to modeling linear relationships,
motivating the development of more expressive non-linear
models.

Neural network-based approaches began addressing these
limitations even prior to the deep learning era [32]. With
the rise of deep learning, joint training of modality-specific
encoders became standard. Early works such as multimodal
autoencoders [112] and deep Boltzmann machines [137] demon-
strated the benefit of learning shared representations end-to-
end, while Deep CCA [4] introduced non-linear cross-modal
alignment.

As unimodal deep architectures matured, multimodal sys-
tems increasingly leveraged strong modality-specific encoders
[38; 63; 6; 182]. Convolutional networks such as AlexNet
[81], VGG [134], and ResNet [54] replaced handcrafted vi-

sual features, while distributed word embeddings like Word2Vec

[108] and GloVe [118] became standard in text. These ad-
vances enabled richer latent representations suitable for cross-
modal alignment and fusion.

A major paradigm shift occurred with the introduction of
transformers [153], whose attention mechanisms allowed scal-
able modeling across modalities. Originally proposed for
NLP, transformers were extended to vision [30] and audio
[47], and became central to multimodal architectures. Mod-
els such as VILBERT [99], LXMERT [141], and VisualBERT
[91] demonstrated both dual-encoder and shared-encoder
strategies for vision—language integration. While powerful,
transformers incur quadratic complexity in sequence length.
Alternatives such as MLP-Mixer [146] explored attention-
free architectures with improved computational efficiency.
More recently, large-scale pre-trained multimodal models
have further advanced representation learning. CLIP [120]
introduced contrastive pre-training of image and text en-
coders in a shared embedding space, achieving strong zero-
shot performance. Subsequent models such as ALIGN [66]
and Flamingo [3] expanded this paradigm. The emergence of
foundation models extended multimodal learning to broader
modality sets; for example, ImageBind [46] aligned images,
text, audio, depth, and other signals into a unified embed-
ding space without requiring fully paired data across all
modalities. In general, the representation learning stage
in multimodal deep learning is an active area of research,
since having a good representation of the data is crucial for
the performance of the model. The trade-off between the
complexity of the model and the quality of the representa-
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Figure 2: A brief overview of key approaches in unimodal and multimodal representation learning.

tion is an important consideration, as while more complex
models can learn better representations, they also require
more data and computational resources to train. The learn-
ing stage corresponds to the primary learning phase of the
pipeline. Depending on the architecture, this learning may
occur at a single point, as in early fusion, or at multiple
points, as in cross-modality and late fusion strategies.
Uncertainty implication. Representation quality directly
bounds the reliability of per-modality uncertainty estimates:
a poorly calibrated encoder produces feature distributions
whose uncertainty cannot be trusted by downstream fusion
mechanisms. Large pre-trained models and foundation mod-
els offer better-calibrated representations but introduce epis-
temic uncertainty about feature-space transferability to the
target domain [45].

Having reviewed representation learning, we next discuss
multimodal fusion and final classification. Fusion is essential
both for integrating features during representation learning
and for aggregating predictions in the final decision stage.

2.1.2 Multimodal Fusion & Final Classification
Once suitable modality-specific representations are available,
the next design choice concerns how to integrate them. Fu-
sion is the core mechanism by which multimodal systems
combine complementary or redundant information, and dif-
ferent fusion stages lead to different trade-offs in flexibil-
ity, computational cost, and robustness. Finally, the com-
bined representation or aggregated predictions can be passed
through a final classifier, which produces the system’s out-
put.

In this section, we will review the main approaches for fusion
and final classification in multimodal deep learning. Fusion
is usually categorized into early, intermediate and late fu-
sion strategies. In early fusion, modalities are combined
at the input data level and passed through a shared rep-
resentation learner. In intermediate fusion, each modality
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is first processed by a separate feature extractor, and their
features are then fused for downstream tasks. In late fusion,
modality-specific classifiers make independent predictions,
which are then aggregated at the decision level. In practice,
these strategies are not mutually exclusive, many architec-
tures combine them at different points in the pipeline, which
is often referred to as hybrid fusion. Examples of early, in-
termediate and late fusion strategies are illustrated in Figure
3.

Early (raw data) fusion combines the raw inputs from
multiple modalities and processes them with a unified en-
coder for feature learning and prediction. Because fusion
occurs at such an early stage, it is challenging to directly
integrate heterogeneous modalities (e.g., text with images,
or audio with text). However, when modalities share simi-
lar raw representations (e.g., multiple image modalities, au-
dio spectrograms with images, or images with depth maps),
early fusion becomes straightforward to implement [138]. In
such cases, it can also be computationally efficient, as only
a single network is required to process the fused input.
The intermediate (feature) fusion combines informa-
tion at the intermediate representation (feature) level, rather
than at the raw data or classifier output level. This allows
for interaction between modalities at a higher level, which
is not possible in the early fusion stage. Compared to late
fusion strategies, which mostly model modality information
independently from one another, intermediate fusion also
better models cross-modal correlations.

In the multimodal architectures utilizing intermediate fu-
sion, fusion operation can happen at various points in the
architecture. [49] categorized the approaches of intermediate
fusion strategies based on when they are fused into sudden,
gradual, and multi-flow fusion. Examples of these strategies
can be found in Figure 4. In the sudden fusion architectures,
all modalities are fused together at the same time in one fu-
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Figure 3: Examples of early, intermediate and late fusion strategies.

sion function. In the gradual fusion, a subset of modalities
can be fused initially, and then additional modalities can
be fused progressively. The gradual fusion approach allows
for a hierarchical processing of the modalities. Finally, the
multi-flow fusion, fuses modalities with different indepen-
dent fusion functions, which then are fused with each other
into a single representation by another function.

The late (decision) fusion combines modality-specific
predictions at the decision level. Compared to intermediate
fusion, late fusion sacrifices some capacity to model fine-
grained cross-modal interactions, but offers greater modu-
larity, robustness to missing modalities, and a natural inter-
face for uncertainty quantification. We organize the existing
late fusion approaches into four categories: simple, meta-
learning-based, optimization-based, and uncertainty-aware,
acknowledging that these categories are not exhaustive and
that some methods may span multiple groups. A high level
overview of the approaches is given in Figure 5.

a) Simple approaches: Simple approaches, as discussed by
[78], combine classifier outputs using aggregation functions
such as product, averaging, maximum, minimum, and ma-
jority voting. These methods typically operate on class-
conditional probabilities and include a normalization step to
preserve a valid probability distribution. In product fusion,
probabilities from each classifier are multiplied and normal-
ized. Averaging computes the mean probability across clas-
sifiers, with a common extension being weighted averaging,
where modality weights are assigned or learned from a vali-
dation set [5; 139; 94]. Maximum and minimum fusion select
the highest or lowest probability for each class, respectively,
while majority voting assigns the class with the most votes
as the final prediction. These simple approaches remain
popular because they are easy to implement, but they treat
all modalities equally or rely on fixed weights, which may
not be optimal for every instance and can perform poorly
when modalities are missing or degraded.

b) Meta-learning: To address the limitations of simple ap-
proaches, meta-learning-based approaches train a separate
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model on unimodal score functions to predict instance-specific a1

fusion weights or learn more complex combinations. In the
deep learning context, [133] combined two convolutional net-
works for action recognition via averaging and a multi-class
SVM, finding the SVM fusion superior. Other works use
logistic regression [152], decision trees, random forests [65],
neural networks [62; 122], or adaptive weighting and gating
mechanisms [170] to dynamically select or weight modali-
ties. While meta-learning fusion can capture cross-modal
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dependencies and adapt to varying modality relevance, it
requires labeled training data and may not generalize well
under distribution shifts.

¢) Optimization-based: Optimization-based fusion approaches
remove the need for supervised fusion training by formulat-
ing fusion as an unsupervised problem, seeking an optimal
representation that satisfies predefined structural or statis-
tical constraints. These methods aim to recover a consensus
prediction that agrees with all modalities while accounting
for noise and outliers. Examples include low-rank matrix
recovery [175; 116] and hard-rank-constrained matrix fac-
torization with consistency preservation [29], which lever-
age structural assumptions in the prediction space. Other
strategies estimate modality reliabilities and latent labels
jointly using spectral formulations [117], or determine instance-
specific fusion weights by optimizing unsupervised criteria
such as clarity-index maximization [82]. While these meth-
ods avoid the need for supervised fusion training, their per-
formance depends on the validity of their assumptions, and
they can be computationally expensive.

d) Uncertainty-aware: Finally, uncertainty-aware approaches
explicitly quantify the confidence of each modality and use
this information in the fusion function to prioritize more
trustworthy and informative sources. For example, [160] es-
timated uncertainty using deep ensembles and fused pre-
dictions with weights derived from uncertainty estimates
and modality correlations. A prominent line of work [113;
148; 90; 59] applies the Dempster—Shafer (DS) theory of
belief functions [24; 127], a well-established framework for
decision-making under uncertainty in which evidence is rep-
resented as mass functions and combined using Dempster’s
rule of combination or its variants [119; 107; 59]. A re-
lated family of methods leverages subjective logic [69], which
extends DS theory by introducing prior beliefs, subjective
opinions, and additional fusion operators [70]. Several re-
cent works [52; 130; 173; 96; 168; 12] have successfully
applied subjective logic for multimodal uncertainty quan-
tification, as discussed in Section 4. The uncertainty-aware
late fusion category thereby forms the conceptual bridge be-
tween fusion architecture design and the principled evidence-
theoretic UQ methods reviewed in later sections.

In summary, as outlined in Table 1, late fusion offers flexibil-
ity in using modality-specific architectures, handles missing
modalities well, and allows straightforward integration of
new ones. Its main drawback is weaker modeling of cross-
modal interactions and the common assumption that all
modalities are equally reliable, which can lead to overcon-
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Figure 4: Examples of sudden, gradual and multi-flow intermediate fusion architectures.

Meta-Learning

Train ML models on top of unimodal
scores to learn the optimal fusion
function.
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Simple Approaches

Use simple operations to aggregate
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Figure 5: Overview of common multimodal late fusion strategies

fident or inaccurate predictions. Uncertainty-aware meth-
ods, such as those based on Dempster—Shafer theory, sub-
jective logic, and other estimation frameworks, address this
by weighting modalities according to their estimated relia-
bility and handling potential conflicts.

The final classification stage is the endpoint of the mul-
timodal pipeline, where the fused information is turned into
the model’s prediction. Depending on the setup, this in-
put may be a joint representation from intermediate fusion
or aggregated outputs from late fusion. The final classifier
itself can be very simple, such as a linear layer, or more
complex, such as a small neural network when richer deci-
sion boundaries are needed. The choice of classifier depends
mainly on the task, the type of fused input, and the balance
between simplicity and accuracy. In late fusion architec-
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tures, the fusion function often combines unimodal classifier
outputs directly, so the fused result may serve as the final
prediction, though some models still add a classifier on top
to refine it.

Uncertainty implication. Fusion design governs how per-
modality uncertainty propagates to the joint decision. Early
and intermediate fusion collapse modality-specific confidence
signals into a shared representation, making post-hoc per-
modality uncertainty extraction difficult. Late fusion pre-
serves per-modality uncertainty but requires an explicit com-
bination rule; without one, differing modality confidences
are silently equalized. Uncertainty-aware fusion strategies
that address this limitation are reviewed in Section 4.
While fusion functions govern how information from differ-
ent modalities is combined, and the final classifier generates
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Table 1: Comparison of Fusion Strategies in Multimodal Learning

Fusion Strategy Advantages

Limitations

Early Fusion °
neous modalities

e Captures low-level cross-modal °

relationships

Simple and effective for homoge- °

Difficult to apply to heteroge-
neous modalities

May miss higher-level interac-
tions

e Sensitive to alignment and noise

e Can struggle with missing moda-

lities
Intermediate Fu- e Allows modality-specific feature e More complex design and train-
sion learning ing
e Captures complex high-level in- e May still struggle with missing
teractions modalities
e Flexible fusion strategies (e.g., at-
tention, gating)
Late Fusion e Modular and easy to implement e Weak at modeling cross-modal

e Handles
modalities well

e Allows using any architecture per

modality

interactions

missing or unreliable

e Can produce overconfident out-
puts if modality reliability is not
considered

the final prediction, the effectiveness of this combination ul-
timately depends on how the model is trained. In practice,
training dynamics often cause certain modalities to dom-
inate, leading to imbalance problems that undermine the
benefits of fusion. We therefore turn next to learning objec-
tives and modality imbalance.

2.2 Learning objectives and modality imbalance

In machine learning, and particularly in deep learning, the
loss function plays a central role in shaping the behavior of
the model. It determines not only what the model learns,
but also how it balances generalization and overfitting, and
whether it accounts for uncertainty in its predictions. The
loss function encodes the objectives and constraints of the
learning process, guiding optimization toward task-aligned
solutions.

Beyond influencing output probabilities, the loss function
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also shapes the internal feature representations learned throughs

out the network. While in unimodal classification tasks the
choice of loss is often straightforward, in multimodal set-
tings it becomes more complex, as it affects both modality-
specific learning and cross-modal integration. The optimiza-
tion strategy has both direct and indirect effects on latent
representations before and after fusion. A direct impact
arises when loss functions explicitly govern feature repre-
sentations and their interactions [49]. For example, [67] use
contrastive learning with triplet loss to learn modality spe-
cific and shared representations. An indirect impact occurs
when the loss is applied only at the model’s output, while
gradients still influence learned features.

Ideally, if all components of the multimodal architecture are
trained optimally, the multimodal model should outperform,
or at worst behave similarly to, the best unimodal model.
However, multimodal models can underperform compared
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to unimodal models [143; 162]. [162] attribute this partly
to overfitting, as multimodal models typically have more
parameters and are more susceptible to it. Moreover, differ-
ent modalities may learn at different rates, allowing faster-
learning modalities to dominate training.

To mitigate this issue, [162] proposed optimizing modality-
specific and multimodal losses jointly using adaptive weight-
ing based on the overfitting-to-generalization ratio. Although
Gradient Blending [162] can improve performance, it is com-
putationally expensive and does not always find optimal
weights, potentially leading to suboptimal results [11]. [166]
refer to this phenomenon as greedy learning, where models
rely excessively on easily optimized modalities. They pro-
pose estimating each modality’s utilization rate from gra-
dient norms and rebalancing training accordingly. Another
approach, UMT [31], uses teacher unimodal networks to dis-
till pre-trained unimodal features into the multimodal late
fusion architecture. [174] integrate an unsupervised con-
trastive loss with supervised multimodal classification to ad-
dress imbalance.

Although effective, these methods increase computational
complexity through additional objectives or auxiliary net-
works. [11] show that such complexity does not necessarily
ensure balanced modality learning, and propose simple de-
terministic weighting as a more efficient alternative. Design-
ing simpler and more efficient modality balancing techniques
remains an important research direction.

Uncertainty implication. Taken together, the limitations
discussed in this section—unreliable cross-modal representa-
tions, fusion strategies that assume equal modality reliabil-
ity, and training objectives that can amplify modality imbal-
ance—highlight the need for principled uncertainty quantifi-
cation in multimodal systems. Sections 3 and 4 address this
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need, reviewing how uncertainty can be estimated, propa-
gated, and leveraged for more reliable multimodal classifi-
cation.

3. Uncertainty in Deep Learning

Deep learning models are increasingly being deployed across
a wide range of domains, including safety-critical applica-
tions such as autonomous driving, medical diagnosis, and
financial forecasting. In these contexts, incorrect predic-
tions can lead to serious consequences, such as traffic acci-
dents, misdiagnoses, or substantial financial losses. As a re-
sult, understanding the confidence of a model’s predictions
is essential for ensuring their trustworthiness and reliabil-
ity. However, modern deep learning models are known to
be poorly calibrated and often exhibit overconfidence, even
when their predictions are incorrect [50]. To address this
issue and improve the trustworthiness of such systems, it is
crucial to develop methods that can accurately quantify the
uncertainties in the prediction. Based on these uncertainty
estimates, a model can either abstain from making a pre-
diction under high uncertainty, or provide several plausible
options in the form of a set-valued classification, where the
true label is expected to be contained within the predicted
set.

Although the methods reviewed in this section were pri-
marily developed for unimodal settings, they form the es-
sential building blocks for multimodal uncertainty quantifi-
cation. In multimodal contexts, per-modality uncertainty
estimates serve as inputs to uncertainty-aware fusion mech-
anisms (Section 4): a modality’s reliability score is often
derived directly from its predictive uncertainty, and the fu-
sion operator must then combine these estimates in a way
that accounts for inter-modal conflict. Understanding the
assumptions and limitations of unimodal UQ methods is
therefore directly relevant to assessing their suitability for
multimodal deployment.

3.1  Types of Uncertainty

In literature, uncertainty is commonly categorized into two
main types: aleatoric and epistemic uncertainty [79]. Fig-
ure 6 illustrates the difference between them.

Aleatoric uncertainty arises from inherent randomness in
data, such as measurement noise or variability in the un-
derlying process. It is often referred to as irreducible un-
certainty [1; 55], since it cannot be eliminated by collecting
more data or improving the model. However, some works
argue that aleatoric uncertainty may be reduced by incor-
porating additional information, such as more features [64]
or more modalities [56].

Epistemic uncertainty, in contrast, stems from a lack of
knowledge about the model or data-generating process. It
is commonly described as reducible uncertainty [1; 55], since
it can be decreased with more data or improved modeling.
[64] further distinguish between model uncertainty, related
to the choice of model class, and approximation uncertainty,
related to training data quality and quantity. [104] addition-
ally introduce distributional uncertainty, which arises under
distribution shift and is typically high for out-of-distribution
(OOD) samples.

Distinguishing between aleatoric and epistemic uncertainty
is useful for understanding uncertainty sources and design-
ing appropriate quantification methods. Nevertheless, the
distinction remains debated. For example, [110] showed that
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current methods struggle to disentangle the two types in
practice, observing high correlation between them. [165] re-
ported inconsistencies in entropy- and mutual-information-
based decompositions of total uncertainty. Alternative defi-
nitions have been proposed [48; 124; 123], but no clear con-
sensus has emerged. Therefore, while we acknowledge this
distinction and refer to it when relevant, we do not rely
heavily on it in the remainder of the paper.

3.2 Uncertainty Quantification Methods

Having defined the aleatoric and epistemic uncertainties in
Section 3.1, we can now discuss the methods for quantifying
them. Not all methods are able to quantify both types of
uncertainty, and some methods are more suitable for cer-
tain types than others. In general, uncertainty quantifi-
cation methods can be broadly categorized into four main
categories: (1) Bayesian methods, (2) ensemble methods,
(3) single network deterministic methods, and (4) test-time
augmentation methods [45]. A high-level summary of these
categories is provided in Figure 7.

Bayesian methods [84; 68; 125] apply Bayes’ theorem to
update prior beliefs p(h) over hypotheses h € H given data
D:

p(D|h) p(h)
p(D) @

where p(D|h) is the likelihood and p(D) is the evidence. The
posterior p(h|D) reflects the updated belief and captures
epistemic uncertainty.

In Bayesian Neural Networks (BNNs), the hypotheses cor-
respond to weight configurations 6. Instead of a single es-
timate, BNNs learn a distribution p(6|D) and compute pre-
dictions via Bayesian model averaging:

p(h|D) =

p(ole.D) = [ plole.0)(61D) b )
This is generally intractable for modern networks, so vari-
ational inference (VI) approximates the posterior by ¢¢(0),
minimizing the KL-divergence KL(gy || p(8|D)). Since p(8|D)
is unknown, variational inference instead maximizes a loss
called evidence lower bound (ELBO), which is equivalent to
minimizing the KL-divergence loss up to a constant. Bayes-
by-Backprop [15] enables training via the reparameterization
trick.

Monte Carlo Dropout (MC-Dropout) [39] offers a lightweight
approximation by training with dropout and sampling pre-
dictions at inference by keeping dropout active. The vari-
ance (or entropy) of these predictions estimates uncertainty.
MC-Dropout is easy to implement, but studies [154] show
its estimates are sensitive to dropout rate, model size, and
target magnitude, and may not decrease with more data,
limiting its reliability for epistemic UQ.

Gaussian Processes (GPs) [125] are a non-parametric Bayesian
approach that models a distribution over functions rather
than over finite-dimensional network weights. Formally, a
GP is a collection of random variables such that any finite
subset has a joint Gaussian distribution:

(@) ~ GP(m(z), k(z,2)), ®3)

where m(x) is the mean function and k(z,2’) is a positive-
definite kernel encoding correlations between inputs. Start-
ing from a GP prior, conditioning on observed data yields a
GP posterior for predictions and uncertainty estimation.
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Figure 6: Examples of aleatoric and epistemic uncertainties. In the case of aleatoric uncertainty, even with infinite data and
a perfect model, the sample marked with “?” cannot be confidently classified due to inherent overlap between classes. In the
case of epistemic uncertainty, the sample cannot be confidently classified because multiple plausible decision boundaries exist,
leading to different possible labels. Figure inspired by [64].

Uncertainty Quantification

Bayesian Approaches

Single-Network Deterministic

Place a prior over network weights, and infer
the posterior distribution

V Explicitly captures epistemic uncertainty,
via weight distributions

VF istic i ion of

V Different approaches with varying
computational requirements

X Requires high computational cost for
training and inference

X Less computationally demanding
approximations (e.g. MC Dropout) provide
less accurate approximations to the true
posterior, often leading to poorer and less
calibrated uncertainty estimates.

Require a single forward pass through a
deterministic network.

Often, either lear to encode uncertainty in
their output, or use

separate networks for UQ.

v Computationally very efficient

 Often require minimal changes to the
architecture

v Requires only a single (or at most two)
forward pass for inference

X The predictions are based only on one
opinion, making it more dependent

on initialization, training strategy and
architecture.

Ensembles

Test-time Augmentations

An ensemble of networks is trained, and the
uncertainty is expressed by the variance in
their predictions.

V Strong empirical performance
V Conceptually simple, do not require much
changes to the architecture

' Low sensitivity to single model's failure
(e.g., bad initialization), providing more robust
prediction.

X Computationally expensive, requiring to
train and evaluate multiple models

X High memory requirements

Apply a set of augmentations to the input, run
each

through the network, and compute the mean
and variance of the outputs as

prediction and uncertainty.

v Works on any pre-trained network

v Requires no additional data

X Needs careful design of augmentations,

not to generate out-of-distribution data

X Increases inference costs

X Highly dependent on the augmentation
and number of i

Figure T: High-level

uncertainty-quantification paradigms

summary of the
in deep

main

learning.

Each quadrant lists general pros (v') and cons (X); in-
dividual methods may vary in their exact strengths and

weaknesses.

While GPs provide well-calibrated uncertainty, their stan-
dard form scales as O(N?) in the number of training points
N. Sparse GPs [136; 145] reduce this to O(M?N) using
M < N inducing points. Performance also depends strongly
on kernel choice, which is challenging for structured data
such as images. Deep kernel learning [164] addresses this
by learning feature transformations with deep networks be-
fore applying the kernel, and Deep Gaussian Processes [22]
stack multiple GPs to capture more complex, hierarchical
functions.

Neural Processes (NPs) [43; 44] combine neural networks
with features of GPs to learn distributions over functions in
an end-to-end manner. They divide data into a contezt set,
used to condition the model, and a target set for prediction.

699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743

744

An encoder maps each context pair (z,y) to a latent repre-
sentation, which is aggregated into a global latent variable.
A decoder then combines this variable with target inputs to
produce predictions.

Unlike GPs, NPs scale linearly as O(N + M) for N con-
text and M target samples, making them suitable for large
datasets. However, inference quality depends on the cho-
sen context set. Extensions include Conwvolutional Neural
Processes [37] for spatial data and Attentive Neural Pro-
cesses [75] for improved context—target interactions.

In the multimodal setting, Bayesian methods and Gaussian
Processes have been used to estimate per-modality epistemic
uncertainty that is then passed as a reliability weight to
uncertainty-aware fusion mechanisms, as discussed in Sec-
tion 4.

The second category identified by [45] are Ensembling meth-
ods, which combine predictions from multiple models to
improve accuracy and robustness [40]. They are related to
Bayesian approaches through the idea of Bayesian model av-
eraging [64]. [83] introduced deep ensembles as a practical
alternative to Bayesian neural networks: networks trained
with different random initializations learn diverse weight
configurations, and their predictions are averaged. Uncer-
tainty is estimated from the variance or entropy across en-
semble members.

Deep ensembles are easy to implement and often highly per-
formant, but incur high training and inference costs due to
multiple full models. To reduce overhead, variants include
Snapshot Ensembles [58], Multi-head networks [87], and En-
semble Distillation [106].

Deep ensembles and their lightweight variants have been ap-
plied to multimodal UQ by running modality-specific en-
semble branches whose cross-member variance serves as a
per-modality reliability signal in uncertainty-aware fusion
(Section 4).

The third strategy focuses on single-network determin-
istic methods, which estimate uncertainty from a single
forward pass of a deterministic network. Many of these
methods predict the parameters of a second-order proba-
bility distribution over class probabilities, commonly the
Dirichlet distribution. For example, Dirichlet prior net-
works [104] parameterize a prior over predictions and are
trained to produce sharp Dirichlets for in-distribution (ID)
inputs and uniform Dirichlets for out-of-distribution (OOD)
inputs, requiring both ID and OOD samples. Similarly, Evi-
dential Deep Learning (EDL) [126] parameterizes the poste-
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rior Dirichlet directly, maximizing evidence for the correct
class while encouraging uncertainty (uniform Dirichlet) for
others. EDL requires only ID data and will be discussed in
more detail later, as it forms a core component of this thesis.
Other variants [105; 151; 111; 181] explore both prior and
posterior formulations, with differing OOD training needs.
EDL [126] should not be confused with evidential classifi-
cation approaches [26; 102; 147] based on Dempster—Shafer
theory (DST) [24; 127]. While subjective logic [69] is con-
ceptually related to DST, the methods differ: EDL pre-
dicts Dirichlet parameters to model epistemic uncertainty,
whereas DST-based approaches compute mass functions over
class hypotheses and combine them via Dempster’s rule, de-
riving uncertainty from residual mass or pignistic probabil-
ity. In this article, EDL refers to the subjective logic formu-
lation unless otherwise specified.

Another group of deterministic approaches are gradient-based
methods, which infer uncertainty from the magnitude of net-
work gradients at inference. Large gradients indicate greater
parameter adjustment would be needed to fit the input, im-
plying higher epistemic uncertainty. [85] used gradients with
confounding labels to train an OOD detector, while [61] pro-
posed GradNorm, measuring the gradient norm of the KL
divergence between the softmax output and the uniform dis-
tribution, requiring no extra classifier. Recent work includes
low-rank gradient norms [10] and extensions to segmenta-
tion [103]. Gradient-based UQ can be applied post-hoc to
trained models without retraining.

Evidential Deep Learning (EDL) via subjective logic is the
single-network deterministic method most directly extended
to the multimodal setting: per-modality EDL networks gen-
erate subjective opinions that are combined by specialized
fusion operators, forming the core of TMC, ECML, and re-
lated approaches reviewed in Section 4.

Test Time Augmentation methods [158; 7; 101] try to
create several augmentations for each test sample, and then
pass them through the model to obtain the predictive dis-
tribution. Although it is a simple technique, there are many
open questions such as what types of (valid) transforma-
tions one shall use, how many, and what’s the quality of
the quantified uncertainty. One solution to the problem of
choosing the right transformations was suggested by [158],
who proposed a search algorithm to find test-time augmen-
tations policy, based on the predictive performance on val-
idation set. Similar to deep ensembles and Bayesian meth-
ods, test time augmentation also requires multiple forward
passes through the model, which can be computationally
expensive.

Test-time augmentation has been used in multimodal set-
tings as a lightweight alternative to ensemble-based relia-
bility estimation: augmentation variance for each modality
provides an uncertainty signal that can be integrated into
adaptive fusion strategies (Section 4).

In summary, uncertainty quantification in deep learning can
be achieved through a variety of approaches, ranging from
Bayesian inference and ensemble strategies to determinis-
tic single-pass and gradient-based methods. Each paradigm
offers trade-offs in terms of computational cost, scalability,
and the type of uncertainty captured, with no single ap-
proach being universally optimal. In the multimodal setting,
these challenges are amplified by potential modality con-
flicts and varying information quality, making reliable UQ
essential for robust decision-making. Specifically, Bayesian

and ensemble methods are well suited for estimating per-
modality epistemic uncertainty, while single-network deter-
ministic methods such as Evidential Deep Learning (EDL)
offer the computational efficiency required for real-time fu-
sion. Section 4 shows how these paradigms are extended to
multimodal architectures, where per-modality uncertainty
estimates must be combined alongside conflict detection.

Table 2: Mapping of unimodal UQ paradigms to their mul-
timodal extensions reviewed in Section 4. Each paradigm
contributes a specific type of per-modality signal that
uncertainty-aware fusion mechanisms consume.

UQ Paradigm (§3.2) Role
(84)
Per-modality epistemic uncer-
tainty — reliability weights in
ensemble fusion

in multimodal

uQ

Bayesian / MC-Dropout

Deep Ensembles Cross-member  variance  —
modality confidence in
uncertainty-aware late fu-
sion

EDL / Subjective Logic ~ Subjective opinions —
BCF/CBF/ECML multi-
modal fusion (TMC, ECML,
MMLF)

Belief functions — DS combi-
nation rule for multimodal ev-
idence fusion

Dempster—Shafer

Test-time Augmentation Augmentation variance — per-
modality reliability in adaptive

fusion

One way to utilize uncertainty estimates in safety-critical
or high-stakes applications is to allow the model to abstain
from overly confident single-label predictions when uncer-
tainty is high. Set-valued classification (SVC) formalizes
this idea by returning a set of plausible labels whose size
reflects the model’s uncertainty, thereby reducing the risk
of critical misclassifications while still providing actionable
information. In the next section, we review the principles
and methods of SVC, their advantages and shortcomings.

3.3 Set-valued classification

Most UQ techniques operate in the precise classification set-
ting®, where the model outputs one class or abstains under
high uncertainty. However, in assisted decision-making sce-
narios such as medical diagnosis or risk assessment, suggest-
ing a small set of plausible labels is often more useful than
fully rejecting a prediction. Set-valued classification (SVC)
[19] addresses this by returning a subset of candidate labels
in uncertain cases. An example of application of SVC is illus-
trated in Figure 8. Empirical evidence [21] shows that such
set-valued predictions can improve human decision-making
compared to fixed top-k suggestions or no assistance.
There is a natural correspondence between epistemic uncer-
tainty and the size of the prediction set [64]. Large sets
reflect high uncertainty, while singleton sets correspond to

! Precise classification refers to returning a single label, in
contrast to set-valued or imprecise classification, which re-
turns multiple labels.
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Figure 8: An example of application of set-valued classi-
fication in healthcare. Unlike multi-class classification and
classification with reject option, set-valued classification pro-
poses several plausible diagnosis options to the doctor, who
makes the final decision.

confident predictions. However, under the open-world as-
sumption, high epistemic uncertainty may indicate out-of-
distribution samples. In such cases, predicting the full label
set is inappropriate, and many approaches combine SVC
with rejection or “null set” predictions [64].

Set-valued classification thus acts as a decision-level com-
plement to the UQ methods surveyed in Section 3: where
those methods estimate uncertainty, SVC translates it into
actionable prediction sets. This relationship is especially im-
portant in multimodal settings, where disagreement between
modalities often produces structured, irreducible ambiguity
that is better expressed by a set of plausible classes than
by a single forced prediction. The methods reviewed be-
low are therefore directly relevant to the uncertainty-aware
multimodal architectures discussed in Section 4.

Several methodological families have been proposed.

3.3.1 Top-k and Thresholding Approaches

Top-k classification returns the k most probable labels, but
uses a fixed set size regardless of confidence. Threshold-
based approaches include all labels whose predicted proba-
bility exceeds a predefined threshold, allowing adaptive set
sizes but being sensitive to calibration errors [109]. Average-
k strategies [25; 42] control the expected set size during
training. While simple and efficient, these approaches rely
directly on predicted probabilities and do not provide formal
uncertainty guarantees.

3.3.2 Coverage-based Approaches

Conformal Prediction (CP) [155; 128] constructs prediction
sets with distribution-free coverage guarantees. Efficient
variants such as split conformal prediction [18] make the
method practical for large-scale settings. However, CP guar-
antees only marginal coverage and may produce overly large
sets [109; 163]. Moreover, classical CP does not provide cal-
ibrated probabilities for labels within the set, though recent
extensions address this limitation [80].

3.3.3 Utility-based Approaches
Utility-based methods [23; 20; 178; 109] formalize SVC as an

expected utility maximization problem. Let u(y,Y) denote
the utility of predicting set Y when the true label is y:

u(y,Y) = {0’ ver

o7, yev, @)

where g controls the trade-off between accuracy and set size.
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The Bayes-optimal set maximizes the expected utility un-
der P(c|z). In practice, efficient algorithms evaluate only a
limited number of candidate sets [109]. These approaches
assume well-calibrated probabilities, which motivates inte-
grating uncertainty-aware models [50].

3.3.4 Evidence-Theoretic and Imprecise Probabil-
ity Approaches
Dempster—Shafer (DS) theory [24; 127] and related eviden-
tial neural networks [26] naturally extend to SVC by as-
signing belief mass to subsets of labels. Extensions to deep
learning [102; 147; 27] enable set-valued decisions while pre-
serving uncertainty modeling, though computational com-
plexity can increase with the number of classes. The same
DS framework is extended to multimodal fusion in Section 4,
where combination rules operate on modality-level evidence
sources rather than on class-level belief functions within a
single model.
Imprecise probability approaches [177; 172; 156; 150] repre-
sent uncertainty via sets of probability distributions (credal
sets), supporting cautious decision rules. While theoretically
appealing, such methods may be computationally demand-
ing or difficult to scale [114].
Subjective logic—based approaches [69; 126] also provide mech-
anisms for representing composite hypotheses. Extensions
such as HENN [88] model classification ambiguity but are
often tailored to multi-label rather than classical SVC set-
tings. The EDL component of these methods is extended
to multimodal classification in Section 4.1.2, where per-
modality evidential networks produce subjective opinions
that are combined via specialized SL fusion operators such
as BCF, CBF, and ECML.

3.3.5 Summary of Limitations

Despite their diversity, existing SVC approaches face com-
mon challenges. Thresholding methods lack robustness to
calibration errors. Conformal prediction provides coverage
guarantees but may produce large sets. Utility-based meth-
ods depend on reliable probability estimates. Evidence-
theoretic and imprecise probability approaches can become
computationally demanding for large label spaces. Overall,
effective SVC requires accurate uncertainty quantification,
making it closely tied to the quality of the underlying UQ
method. In multimodal settings, this dependency becomes
even more pronounced: unreliable per-modality uncertainty
estimates (e.g., due to modality imbalance or conflict, as
identified in Section 2) propagate directly into suboptimal
prediction sets. Addressing these limitations motivates the
conflict-aware multimodal UQ approaches reviewed in the
following section.

SVC in multimodal settings. The SVC methods re-
viewed above were developed primarily for unimodal models,
yet they apply directly to multimodal systems via late fu-
sion: each modality produces an independent evidence mass
or probability distribution, which are combined before the
SVC decision rule is applied. In this sense, SVC is a natural
companion to uncertainty-aware late fusion (Section 2.1):
where fusion produces a joint uncertainty estimate over the
label space, SVC translates that estimate into a calibrated
prediction set. Disagreement between modalities—a form of
structured aleatoric uncertainty that cannot be reduced by
gathering more data from a single source—is especially well
handled by evidence-theoretic SVC methods, since DS the-
ory and subjective logic can represent conflictive opinions as
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high-uncertainty mass distributions before any decision rule
is applied. The multimodal UQ frameworks reviewed in the
following section leverage precisely these properties.

4. Multimodal uncertainty quantificatio
In the previous sections, we discussed uncertainty quantifi-
cation (UQ) and set-valued classification (SVC) in the uni-
modal setting. Multimodal deep learning introduces addi-
tional challenges, especially for UQ and SVC. Ideally, incor-
porating complementary information from multiple modal-
ities should reduce aleatoric uncertainty [56]. In practice,
however, uncertainty can also increase when modalities are
misaligned or contradictory. For example, in medical diag-
nosis, an X-ray may suggest one condition while an MRI sug-
gests another. In such cases, it is essential to estimate both

987
988

989
n991
992
993
994
995
996
997

998

999

per-modality uncertainty and the combined uncertainty of 1000

the multimodal system.

While many UQ methods exist for unimodal learning, mul-
timodal UQ remains relatively less explored. A straightfor-
ward approach is to treat the multimodal architecture as
a single model with one input and one output, then ap-
ply unimodal UQ methods directly. However, this ignores
modality-specific properties and prevents separate uncer-
tainty estimation for each modality. Hence, various frame-
works and approaches have been proposed for quantifying
and integrating uncertainty into multimodal deep learning.
These methods build directly on the fusion architectures
reviewed in Section 2: uncertainty-aware late fusion (Sec-

tion 2.1) already incorporates elementary modality-reliability

weighting. The approaches discussed here extend this idea
with principled probabilistic and evidence-theoretic frame-

works, enabling systematic conflict detection and uncertainty

propagation that simpler fusion strategies cannot provide.
Figure 9 provides a brief timeline of some of the key ap-
proaches in this domain. For clarity,
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Figure 9: A timeline of non-exhaustive collection of key ap-
proaches in multimodal uncertainty quantification.

4.1 Evidence-Theoretic Approaches
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One family of methods adopts evidence-theoretic frameworks 105

to explicitly model uncertainty, belief, and inter-modal con-
flict. These approaches depart from classical probabilistic

1046
1047

representations and operate on mass functions or opinion-
based representations.

4.1.1 Dempster—Shafer Theory

Among the frameworks for fusing uncertain information,
Dempster—Shafer (DS) theory [24; 127] is one of the most
widely used in multimodal learning. It offers a principled
way to combine evidence from multiple sources and to model
both uncertainty and imprecision. [14] highlighted features
that make DS theory particularly suitable for multimodal
classification:

e flexible modeling of uncertainty and imprecision,
e ability to handle variable source reliability, and

e a well-defined combination rule for merging indepen-
dent evidence.

The Dempster’s rule of combination fuses multiple beliefs
into a single coherent representation. However, in cases of
strong conflict between sources, it can yield counter-intuitive
results [176]. This limitation has led to numerous alterna-
tive combination functions and conflict management strate-
gies [107].

Before the deep learning era, DS theory was already ap-
plied to multimodal classification and sensor fusion [35; 9;
51; 89], laying the groundwork for modern architectures.
More recently, DS theory has been incorporated into multi-
modal deep learning [33; 59]. The work of [59] introduced a
learnable discounting factor for modality reliability. While
effective, their approach assigns a fixed discount per modal-
ity and class, limiting adaptability to discrepancies between
training and deployment. In contrast, [12] compute sample-
specific reliability estimates, enabling dynamic adjustment
to modality misalignment, noise, and other real-world in-
consistencies.

4.1.2 Subjective Logic

Subjective Logic (SL) [69] extends DS theory, retaining its
evidence-combination capabilities while offering a flexible
representation of uncertainty and imprecision. [52] intro-
duced one of the first SL-based multimodal deep learning
methods, Trusted Multi-view Classification (TMC), in which
each modality is modeled by an evidential deep learning
network [126], and evidences are fused via the Belief Con-
strained Fusion (BCF) rule. Similar BCF-based strategies
have been explored by [130] and [173], but since BCF is a
SL adaptation of Dempster’s rule, it inherits its limitations
under high conflict.

[96] employed Cumulative Belief Fusion (CBF), an SL oper-
ator designed for independent sources contributing new ev-
idence, thereby always reducing uncertainty [69]. However,
this behavior can be problematic when strongly conflicting
views are fused.

[168] proposed Ewidential Conflictive Multi-view Learning
(ECML), which uses average pooling in belief space and
a conflict-penalizing loss. Intended for dependent sources,
ECML decreases uncertainty if the new view is less uncertain
and increases it if more uncertain. For two views, the com-
bined uncertainty is the harmonic mean of individual uncer-
tainties. Nonetheless, two low-uncertainty but conflicting
views can produce undesirably low combined uncertainty,
and the non-associative nature of the operator [69] makes it
sensitive to fusion order.
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To further enhance reliability, [100] introduced trust-based

1111

discounting, learning modality- and input-specific trust scoresiii2

via a separate network. While effective, this adds computa-
tional cost and may not generalize well from clean training
data to noisy or misaligned test data.

1113

1114
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[95] approach the problem from a different perspective, proposais

ing a fusion method that guarantees the fused prediction is
at least as accurate as the best unimodal prediction. In other
words, their approach ensures that fusion does not deteri-
orate the prediction quality. [169] addressed the potential
label noise in training data, by estimating per-view uncer-
tainty and refining mislabeled samples using pseudo-labels
and mixup [179].

In summary, SL-based multimodal UQ methods encompass
a range of fusion strategies, including adaptation of Demp-
ster’s rule, cumulative and averaging fusion, and more re-
cent approaches that introduce conflict mitigation or trust-
based discounting. While these approaches improve robust-
ness and reliability, they still face challenges, especially un-
der strong inter-modal disagreement, and generalization to
noisy or misaligned modalities.

4.2 Non-Evidence-Based Multimodal UQ Approaches

In contrast to evidence-theoretic methods, the following ap-
proaches estimate uncertainty through probabilistic model-
ing, representation-level signals, or uncertainty-guided fu-
sion mechanisms, without explicitly modeling inter-modal
conflict. For example, [41] proposed Embracing Aleatoric
Uncertainty (EAU), which models per-modality aleatoric
uncertainty via Gaussian embeddings and learns a fusion
that is robust to noisy inputs. [16] introduced HyperDUM,
a deterministic feature-level UQ method based on hyperdi-
mensional computing, quantifying channel- and patch-level
epistemic uncertainty before fusion. Other works, such as
[17] and [2], leverage ensemble-based techniques or Monte
Carlo dropout to estimate predictive uncertainty, without
explicitly modeling conflicts between modalities.
Cross-modal Random Network Prediction [161] estimates un-
certainty by comparing the outputs of a fixed, randomly ini-
tialized network with a smaller, trainable predictor over the
feature space, leveraging discrepancies to assess uncertainty.
These uncertainty estimates then inform a fusion mechanism
that adaptively weights modalities during classification or
segmentation tasks.

The uncertainty-aware noisy-or (UNO) approach [144] com-
bines multiple uncertainty metrics, such as predictive en-
tropy, mutual information, and a novel spatial temperature
network, and propose a novel Noisy-Or fusion, which takes
into account the uncertainties of the modalities, prioritiz-
ing more confident ones. COLD Fusion [142] models each
modality as a latent Gaussian distribution and interprets
the variance of these distributions as a measure of modal-
ity’s confidence.

[73] and [72] propose alternative multimodal UQ approaches
based on Gaussian processes and neural processes, respec-
tively. While these methods perform well, the Multimodal
Gaussian Process is computationally expensive due to its
non-parametric nature. The Multimodal Neural Process is
relatively faster; however, its results are highly dependent
on the chosen context set, and there are currently no theo-
retically guaranteed methods to obtain an optimal context
set.

While these approaches often improve robustness to noise or
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missing modalities, they generally assume either statistical
independence or implicit alignment between modalities. As
a result, they may produce overconfident predictions when
strong inter modal disagreement occurs. To address this
issue, several works have proposed to explicitly separate dif-
ferent types of information carried by each modality. For
instance, [131] suggested disentangling common and view
specific information between modalities. The objective is to
isolate features consistently shared across views from those
that remain unique to each modality. This separation al-
lows the model to rely on common representations for cross
view agreement while preserving view specific cues that may
provide complementary discriminative information. Build-
ing on this idea, [97] proposed a Dynamic Evidence De-
coupling framework that operates in the evidential space.
In this formulation, each view’s opinion is decomposed into
consistent evidence, shared across modalities and trained to
align with the ground truth, and complementary evidence,
which captures modality specific signals and is allowed to
remain uncertain. However, separating shared and modal-
ity specific evidence does not fully address situations where
modalities strongly disagree. To explicitly account for such
conflicts, [12] introduced a multimodal classification frame-
work based on evidential deep learning and subjective logic.
Their method detects conflictive modalities and applies a
sample specific discount factor to their evidence, increasing
predictive uncertainty when modalities disagree while main-
taining low uncertainty for well aligned inputs. Since con-
flict detection, discounting, and fusion are parameter free,
the approach remains efficient and can handle conflicts at
test time even when such cases were absent during training.
textbfSummary. Overall, no single uncertainty quantifica-
tion approach universally dominates in multimodal settings.
Probabilistic methods provide strong theoretical grounding
but often face scalability challenges, while ensemble-based
approaches offer robustness at the cost of computational
efficiency. Evidence-theoretic frameworks are particularly
well suited to multimodal learning, as they explicitly model
inter-modal conflict, but may suffer from instability under
high disagreement. These trade-offs highlight the need for
hybrid approaches that balance robustness, scalability, and
principled uncertainty modeling.

5. Evaluation of Multimodal UQ

Evaluation protocols for multimodal uncertainty quantifica-
tion remain heterogeneous across studies. Most works report
task-specific metrics such as accuracy, F1 score, or correla-
tion to evaluate predictive performance, while uncertainty-
related indicators such as predictive entropy are sometimes
used to assess the confidence of model predictions. How-
ever, there is currently no standardized evaluation protocol
specifically designed for multimodal uncertainty quantifica-
tion.

In practice, evaluating uncertainty-aware models is further
complicated by the fact that the true level of uncertainty
present in the data is rarely known, and datasets may not
accurately reflect the variability encountered in real-world
environments. As a result, it becomes difficult to assess how
well uncertainty quantification algorithms perform under
different uncertainty conditions. Moreover, deep learning
models may behave differently depending on the level of un-
certainty in the data, for example when inputs are corrupted
by noise or contain ambiguous information. For this reason,
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several works introduce controlled perturbations in the data, 1231
such as additional noise, in order to analyze how uncertainty 123
estimates and predictive performance evolve under varying 1233
uncertainty levels. Since different uncertainty quantifica- 123
tion approaches target different types of uncertainty, having 1235
mechanisms that allow the injection of diverse uncertainty 1236
sources can facilitate more systematic evaluation..

Several datasets have been used in multimodal uncertainty
quantification settings. A notable line of work [52; 73; 71]
has employed datasets such as HandWritten?, CUB?, Scenel5?,
and Caltech101°. These datasets typically extract differ-
ent features from unimodal sources to create a multi-view
setup. While they have been instrumental, they primarily
repurpose unimodal data for multimodal tasks, underscor-
ing the need for more comprehensive and inherently multi-
modal datasets to better evaluate uncertainty in deep learn-
ing models.

Furthermore, the current approaches that introduce uncer-
tainty into the data [52; 73; 71] add Gaussian noise to the
views or the extracted features. While Gaussian noise does
increase uncertainty, it does not accurately reflect the noise
that can be found in real-world datasets and this process
lacks fine-grained control over the type of uncertainty being
injected.

Additionally, how different modalities’ uncertainties inter-
act significantly impacts the overall multimodal uncertainty.
When both modalities encode redundant information, the
total uncertainty might not decrease. Conversely, conflicting
information can lead to increased uncertainty, while comple-
mentary information can reduce it. A deeper understanding

of these phenomena is crucial. Fine-grained control over in-
dividual modalities’ uncertainties opens the way for more
theoretical research based on empirical observations.

To support the analysis of uncertain multimodal data and L
the evaluation of uncertainty quantification techniques in
multimodal learning, [13] introduce a dataset together with
an uncertainty generator package. This package provides

several mechanisms for injecting uncertainty, including con- 10
. . . . . 1241

trolling data diversity, adding different types of real-world o

noise, randomly switching labels to their closest class, and

injecting out-of-distribution (OOD) data.

1238
1239

1243
1244
1245

6. Discussion and Research Directions
This survey presented an integrated perspective on mul-
timodal classification under uncertainty, highlighting how
design choices in representation learning, fusion strategies,
and training objectives shape the emergence of uncertainty.
We showed that uncertainty quantification is not merely an
auxiliary component, but a central element for building re-
liable multimodal systems, particularly in the presence of
noisy, incomplete, or conflicting modalities. However, cur-
rent multimodal pipelines still tend to treat fusion, uncer-
tainty estimation, and decision-making as loosely coupled 1255
stages. Fusion mechanisms often fail to account for partial 12
dependence between modalities; uncertainty quantification 1258
methods frequently rely on restrictive independence assump- 1259
tions or conflict-prone training settings; and decision layers 1260
1261

https:/ /archive.ics.uci.edu/ml/datasets/Multiple-+Features!2?
3http://www.vision.caltech.edu/visipedia/CUB-200.html 1263
“https://serre-lab.clps.brown.edu/resource/hmdb-a-
largehuman-motion-database 1265

®https://data.caltech.edu/records/mzrjq-6wc02

1246
1247
1248
1249
1250
1251
1252
1253
1254

1264

1266

such as set-valued classification are commonly implemented
as post-hoc components rather than being tightly integrated
with uncertainty-aware fusion. Crucially, the value of uncer-
tainty quantification lies not only in estimating uncertainty,
but also in enabling more informed and reliable decision-
making processes.

Table 3: Cross-reference: structural limitations identified
in Section 2 and the multimodal UQ methods in Section 4
that directly address them. This table illustrates the co-
herent progression from fusion architecture to uncertainty-
aware design.

§2 Limitation

§4 Addressing Method

Uncertainty-aware late
fusion (DS, SL); sample-
specific discounting [12]

EDL-based modality net-

Equal-reliability fusion as-
sumption

No per-modality confidence

signal works (TMC [52], ECML
[168])

Modality imbalance / domi- Trust-based discounting

nant modality [100]; conflict-penalizing
loss [168]

DS combination with con-
flict management [107; 59];
sample-specific discounting
[12]

SVC decision layer translat-

ing uncertainty into predic-
tion sets (§3.3)

No inter-modal conflict de-
tection

Overconfident joint predic-
tion

Beyond uncertainty estimation, we emphasized the impor-
tance of decision-level strategies such as set-valued classifica-
tion, which translate uncertainty into actionable predictions.
This is particularly relevant in multimodal settings, where
disagreement between modalities naturally leads to ambi-
guity that cannot be adequately captured by single-label
predictions.

Taken together, these observations highlight the need for a
unified view that connects multimodal design, uncertainty
estimation, and decision-making, with fusion mechanisms
playing a central role in propagating and resolving uncer-
tainty across modalities. Moving forward, key research di-
rections include the development of scalable and conflict-
aware uncertainty quantification methods, the establishment
of standardized evaluation protocols, and tighter integration
between uncertainty modeling and downstream decision-making
processes. These advances are essential for deploying trust-
worthy multimodal AT systems in real-world applications.

6.1 Auzis I: Modeling Inter-Modal Dependence for Reliable
Fusion

A key open challenge in multimodal uncertainty quantifica-
tion is moving beyond binary assumptions of full indepen-
dence or full dependence between modalities. As discussed
in Section 4.1.2, subjective logic provides different fusion
operators for independent and dependent opinions. How-
ever, real-world multimodal data typically exhibit varying
degrees of partial dependence that cannot be adequately
captured by these extreme assumptions.

For instance, Cumulative Belief Fusion (CBF) assumes inde-
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pendence and aggregates evidences additively, while Averag-
ing Belief Fusion (ABF) assumes dependence and averages
them as if redundant. In practice, modalities may share
some information while also contributing distinctive signals.
A promising direction is therefore to model inter-modal de-
pendence in a continuous manner rather than as a binary
choice.

One potential approach is disentangled information model-
ing [86; 157], where modality-specific opinions are decom-
posed into shared and modality-unique components. By
separating overlapping and distinctive information before
fusion, it becomes possible to apply more defensible inde-
pendence assumptions at the aggregation stage. Such dis-
entangled fusion mechanisms could lead to more accurate
uncertainty estimates by explicitly accounting for informa-
tion redundancy and partial dependence.

6.2 Auxzis II: Systematic FEvaluation of Multimodal Uncer-
tainty
Another major limitation identified in our review is the lack
of standardized and controlled benchmarks for multimodal
uncertainty quantification. Without systematic evaluation
protocols, it remains difficult to compare methods fairly or
to assess their robustness under varying levels of conflict,
noise, or modality misalignment.
Future efforts should extend datasets such as LUMA by in-
corporating additional modalities with controlled interde-
pendencies. For example, adding automatically generated
textual descriptions of images would introduce causal rela-
tionships between modalities and allow controlled study of
uncertainty propagation across correlated inputs.
In parallel, developing standalone toolkits capable of inject-
ing controlled perturbations—such as noise, misalignment,
modality dropout, and out-of-distribution samples—into ex-
isting multimodal datasets would enable reproducible and
systematic evaluation of multimodal UQ methods. Such
tools would facilitate rigorous comparison across approaches
and promote standardized evaluation protocols for conflict-
aware learning.

6.3 Azis III: From Multimodal Classification to Agentic
Systems

The reliability challenges discussed in this survey naturally
extend beyond classification to emerging agentic Al systems,
where multimodal models are entrusted with autonomous
decision-making [167]. Large language models, often form-
ing the reasoning backbone of agents, are known to pro-
duce hallucinations and confidently generate incorrect out-
puts [60]. In addition, agents integrate information from ex-
ternal sources such as web search results, APIs, or knowledge
bases, which may themselves be noisy or unreliable. Multi-
modal inputs—including text, images, audio, and structured
data—can also contain internal conflicts or redundancies.
Ensuring reliability in such systems requires mechanisms for
quantifying uncertainty and resolving conflicts both within
multimodal inputs and across interacting agents [159; 36].
Uncertainty quantification in large language models [132], as
well as conflict resolution in multi-agent systems [149], are
active research areas. Recent discussions [77] suggest that
new conceptual frameworks may be required to adequately
capture the unique uncertainty sources of large-scale agentic
systems.

Future research should explore how uncertainty can become
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an explicit component of agent reasoning rather than a resid-
ual by-product. Agents should be able to assess the trust-
worthiness of external sources [183; 149], reconcile conflict-
ing information streams, and adapt their decisions accord-
ingly. Ultimately, advancing conflict-aware multimodal fu-
sion and uncertainty-driven decision strategies will be cru-
cial for building transparent and reliable multimodal agents
capable of reasoning about their own limitations.

Overall, advancing multimodal reliability requires integrat-
ing representation learning, uncertainty quantification, and
decision strategies within a unified framework that explicitly
models dependence, conflict, and uncertainty propagation
across heterogeneous information sources.
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