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Multimodal learning leverage multiple and diverse modalities such as images, text, or audio to enable contextual understanding
and reliable decision-making. These methods have achieved state-of-the-art results by integrating multiple modalities in areas such
as medical imaging, autonomous driving, and visual surveillance. However, the effectiveness of multimodal learning in real-world
scenarios remains limited by practical challenges: data from some modalities may be missing, corrupted, or poorly aligned due to
sensor failures, environmental noise, or bandwidth constraints. While prior surveys have proposed taxonomies on multimodal learning
and strategies for handling missing or corrupted data, these perspectives are often treated in isolation. This separation overlooks the
fact that data imperfections are interconnected, and effective multimodal learning requires a unified understanding across architectural
design and modality reliability. To address this gap, we present comprehensive taxonomies that cover and integrate three major aspects:
(1) architectural design for multimodal learning, (2) learning under missing modalities, and (3) learning under corrupted modalities.
By framing these aspects together, our study highlights their interdependencies and facilitates a comprehensive understanding of
multimodal learning. Furthermore, we discuss benchmark datasets and real-world applications through this taxonomic lens and outline
open challenges and future directions for developing resilient methods. The complete list of related resources is available at: GitHub

repository.

Additional Key Words and Phrases: Representation learning, Missing modalities, Corrupted modalities, Taxonomy

1 Introduction

Multimodal Learning (MML) leverages multiple data streams (e.g. audio, visual, or textual) to perform various complex
perception tasks. Drawing inspiration from human cognition, these methods mimic how individuals naturally integrate

information from multiple sensory modalities to understand and interact with the world [311]. While traditional
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Fig. 1. Overview of (a) Unimodal (b) Multimodal Learning (c) with missing modalities (d) with corrupted modalities

unimodal methods are designed for individual independent modalities, MML has emerged to model and learn from het-
erogeneous data streams, notably enhancing performance across tasks [153]. Existing MML models have demonstrated
remarkable success in domains ranging from medical imaging [148] and emotion recognition [324] to autonomous
vehicles [44].

Despite these advances, the transformative potential of MML remains constrained due to fundamental challenges
arising from the heterogeneity and complex integration of diverse modalities. Each modality possesses distinct statistical
characteristics, noise patterns, and temporal dynamics that cause inherent complexities towards MML [153]. More
critically, real-world MML rarely operates under ideal conditions where all modalities are simultaneously available
and noise-free. Instead, multimodal networks must withstand sensor failures, environmental interference, bandwidth
limitations, and asynchronous data pipelines that introduce uncertainty and deteriorate model performance [70]. This
motivates us to focus on three interconnected challenges that are essential for deploying multimodal methods in
real-world settings. First, design architectures that can effectively integrate and adaptively prioritize multiple modalities
while maintaining semantic coherence between diverse modalities. Second, develop strategies to handle missing
modalities when one or more data streams become unavailable. Third, ensure resilience to corrupted modalities where
data streams are present but compromised by noise, misalignment, or deteriorated. Fig. 1 presents a high-level overview
of these scenarios.

Architectural Design for Modality Integration: A fundamental challenge lies in designing multimodal architectures
that can effectively learn representations across multiple data types [311]. Optimal performance requires not only
effective integration of diverse modalities but also adaptability to the varying importance of each modality. In real-world
settings, the contribution of each modality varies dynamically based on context and task, noise levels, or data availability
[109]. Multimodal networks must therefore handle heterogeneous data characteristics, including different temporal

and spatial resolutions, while maintaining semantic coherence across modalities. This requires innovative attention
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mechanisms, cross-modal transformers, or graph-based strategies that enable fine-grained alignment and multimodal
learning.

Robustness to Missing Modalities: Despite its advantages over unimodal methods, multimodal learning is vulnerable
when one or more modalities are missing during inference [285]. This missing data may arise from sensor failure or
incomplete data pipelines. Consequently, real-world data frequently contain missing modalities, and this vulnerability
can lead to deteriorated performance. Designing robust multimodal architectures to address the missing modality
problem (MMP) represents a major research challenge. Such architectures must not only impute or reconstruct
missing modalities but also dynamically reconfigure the inference process based on available data. Recent approaches
explore generative modeling [122], modality dropout training [160, 183], and conditional learning to improve model
flexibility [75].

Resilience to Corrupted Modalities: Beyond simply missing modalities, a more realistic yet often overlooked challenge
is handling corrupted modality problem (CMP) [323]. Real-world MML methods frequently encounter scenarios where
data streams are partially available but suffer from noise, misalignment, or degradation. Such data conditions may stem
from sensor malfunction, environmental interference, bandwidth limitations, or communication errors, drastically
reducing the reliability and effectiveness of MML methods [110]. Unlike completely missing data, corrupted modalities
appear present but contribute misleading or conflicting information, making detection and mitigation more complex.
Ensuring model robustness under CMP is therefore critical for practical deployment and reliable performance.

While prior surveys on MML have addressed individual aspects such as architectural design [18], missing modality
handling [285], or data incompleteness [323], they provide only partial views of the field. As shown in Table 1, existing
works do not offer an integrated understanding of MML under imperfect data conditions, where modalities may be
entirely missing or corrupted. Meanwhile, these challenges are interconnected, for instance, architectural design choices
directly influence how networks respond to missing data [156]. Meanwhile, strategies for handling missing data often
rely on assumptions about the quality of the remaining modalities [78]. Conversely, corrupted modalities can mimic
missing data, blurring the line between the two [111]. However, existing surveys treat these aspects in isolation, leaving
a gap in unified understanding. To address this gap, our survey presents structured taxonomies and critical analyses
that integrate advances across missing and corrupted modality handling and multimodal system design. Our key

contributions are as follows:

(1) We introduce taxonomies that span three interconnected dimensions: architectural design, missing modality
handling, and robustness under corrupted modalities, offering a unified perspective lacking in prior surveys.

(2) We systematically organize our survey to outline the existing benchmark datasets, application areas, and
methodological strengths and limitations within the three core dimensions.

(3) Building on our findings, we identify key open challenges and outline future research directions for robust
MML.

By focusing on these aspects in a systematic manner, our work serves as a foundational reference for researchers,
practitioners, and students interested in developing deployable multimodal systems that can operate reliably under
the imperfect conditions commonly encountered in practical applications. The remainder of this study is organized as
follows. Section 2 explains our strategy for literature search and selection. Section 3 provides an overview of existing
MML paradigms and presents the architectural design principles and integration strategies across heterogeneous
modalities. Section 4 introduces our taxonomy for MML under missing modality and discusses existing methods.

Section 5 focuses on MML under corrupted modalities, presents the proposed taxonomy and summarizes recent progress
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Table 1. Comparison of existing surveys. A check mark (v') indicates that the survey provides a taxonomy for the given challenge,
while a cross (X) indicates that it does not provide a dedicated taxonomy even if the challenge is mentioned in passing. MisM: Missing
modality taxonomy; CorM: Corrupted modality taxonomy.

Survey Venue & Year MML MisM CorM
Multimodal fusion for multimedia analysis: a survey [11] Multimedia Systems, 2010 v X X
Multimodal Machine Learning: A Survey and Taxonomy [18] TPAMI, 2018 v X X
Deep multimodal representation learning: A survey [72] IEEE, 2019 v X X
A survey on deep learning for multimodal data fusion [65] Neural Computing, 2020 v X X
A survey on deep multimodal learning for computer vision [22] Visual Computer, 2022 v X X
Multimodal learning with transformers: A survey [294] TPAMI, 2023 v X X
Deep multimodal learning with missing modality: A survey [285] arXiv, 2024 v v X
Multimodal fusion on low-quality data: A comprehensive survey [323]  arXiv, 2024 v X 4
Ours — v v 4

in handling noisy, misaligned, or degraded inputs. Finally, Section 6 highlights open challenges and promising research
directions for robust MML.

2 Literature Search and Filtering Strategy

To construct a comprehensive survey, we designed a multi-stage search and filtering pipeline across widely used academic
databases, including IEEE Xplore, ACM Digital Library, CVF Open Access, AAAI Elsevier, Springer, Google Scholar,
Dblp, and arXiv. Our keyword strategy combined core terms related to MML with descriptors of incompleteness and

» o« »

robustness. Specifically, we used queries such as: “multimodal AND missing”, “multimodal AND incomplete”, “multimodal
AND corrupted”, “multimodal AND noisy”, “robust multimodal”, “resilient multimodal”, and “degraded modalities” to
ensure broader coverage. We applied a publication time window of 2020-2025, while also including a small number of
earlier studies that were influential or foundational to the field. The retrieved works were initially screened by title and
abstract, followed by full-text review when necessary. They included if they explicitly addressed missing or corrupted
modalities in MML or inference pipelines. Secondary filters were applied to remove duplicates (common across IEEE,
CVF, and Google Scholar), exclude tangential uses of robustness (e.g., general noise in unimodal data), and ensure that
both peer-reviewed venues and relevant arXiv preprints were represented. The final screening left us with 84 papers on
MML with corrupted modalities and 133 works on missing modalities, spanning journals, conferences, workshops, and
preprint repositories !. This distribution highlights both the technical grounding of robustness research in engineering
venues and the growing interdisciplinary interest in incomplete MML across computer vision, speech, and general Al

communities.

3 Multimodal Learning

This section offers a concise overview structured around two complementary perspectives. The first follows the taxonomy
of Baltrusaitis et al. [18], which organizes corresponding research into five major challenges: Representation, Translation,
Alignment, Fusion, and Co-learning. Although well-established, these categories remain central to understanding
modality interaction, and we revisit them in light of recent developments. The second perspective [294] highlights the
emerging trend of transformer-based MML. It includes single-stream, multi-stream, and hybrid-stream architectures
that leverage learning paradigms such as contrastive, masked, and generative modeling. Together, these perspectives
summarize the evolution of MML and provide the foundation for understanding crucial MML methodologies.

Representation learning concerns how features from different modalities are modeled. Joint representation methods

aim to map multiple modalities into a unified embedding space. Such representations have been widely explored in

!Complete list of resources available at: GitHub repository
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multimodal classification and verification tasks. Model-agnostic fusion approaches such as early fusion concatenate
input-level features before learning, as seen in multimodal emotion recognition with audio and visual signals [13]. Late
fusion combines unimodal outputs, yielding robustness against noisy or missing modalities [54, 203]. Hybrid strategies
integrate both levels, achieving success in tasks such as event detection and emotion classification [40, 196]. Beyond
model-agnostic methods, model-assisted approaches introduce algorithmic guidance. Kernel-based methods such as
multiple kernel learning have been applied in object classification, disease detection, and affect recognition [243].
Probabilistic models including dynamic Bayesian networks facilitate joint modeling of temporal sequences [102], while
deep learning-based fusion with CNNs and RNNs has reached state-of-the-art in Visual Question Answering (VQA),
sentiment analysis, and multimodal emotion recognition [80, 319]. In contrast, coordinated representations maintain
modality-specific spaces and enforce consistency through cross-modal objectives. These include contrastive learning
approaches [98] and distance-based methods [137].

Translation focuses on transforming information from one modality into another. Translation approaches can be
retrieval-based that uses one modality to retrieve corresponding samples in another modality. For example, image—text
retrieval frameworks embed both modalities in a joint space to enable cross-modal search [35]. Meanwhile, generative
methods explicitly produce one modality from another. For instance, encoder—decoder architectures map videos to textual
descriptions [16] or generating image captions [91, 122]. Hybrid approaches combine retrieval and generation, balancing
diversity with accuracy [84, 179]. Despite progress, translation faces challenges related to modality heterogeneity,
subjectivity of generated outputs, and evaluation reliability.

Alignment addresses the problem of discovering correspondences across modalities, whether temporal, spatial, or
semantic. These approaches can be categorized as implicit or explicit. Implicit alignment leverages probabilistic graphical
models and neural architectures that learn latent correspondences. For instance, attention-based networks have been
applied to VQA tasks to dynamically align visual and textual cues [340]. Explicit alignment relies either on supervision,
where paired annotations guide the alignment [33, 306] or on unsupervised learning, which exploits co-occurrence
statistics or structural constraints [90, 289]. These methods are particularly critical for downstream tasks where modality
synchronization is essential, such as video understanding, cross-modal retrieval, or audio-visual speech recognition.
Fusion combines information from multiple modalities to improve prediction and robustness. Early fusion directly
concatenates raw or low-level features from different modalities before model training [25]. Late fusion aggregates
unimodal predictions, often through voting or weighted averaging, which can mitigate the impact of noisy modalities
[54, 203]. Hybrid fusion strategies integrate intermediate-level representations with final predictions, offering robustness
in tasks such as multimedia event detection and emotion recognition [40, 188]. Model-assisted fusion employs more
principled learning approaches: kernel-based methods capture modality-specific similarities [243], probabilistic models
handle temporal dependencies [102], and neural architectures learn complex integration functions across heterogeneous
inputs [319].

Co-learning leverages one modality to enhance learning in another and involves iteratively updating classifiers across
modalities to improve generalization [214]. Transfer learning transfers knowledge from a well-labeled modality to
improve performance in a resource-scarce one, with applications in audio-visual recognition [87], disease classification
[82], and action recognition [280]. Conceptual grounding maps symbolic linguistic concepts to perceptual modalities
that aids semantic representation learning [116]. Zero-shot learning has also emerged as an important approach that
enables models to generalize to unseen modality combinations using shared semantic embeddings [194]. In cross-lingual

transliteration, hybrid bridging approaches use intermediate representations to facilitate knowledge transfer [269].
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Multimodal Learning in the Era of Transformers: Transformers have revolutionized MML by leveraging uni-
fied frameworks for processing and integrating multiple modalities, representing a significant shift from traditional
approaches that relied on modality-specific encoders and fusion mechanisms [294]. The success originates from trans-
formers’ ability to treat different modalities as sequences of tokens that enables uniform processing and bridging
semantic gaps between modalities, as demonstrated by models like CLIP [212] and DALL-E [218]. Modern archi-
tectures can be categorized into three paradigms [294]: Single-stream Architectures (e.g., UNITER [35], FLAVA [244],
CLIPPO [259]) that process all modalities through shared transformer backbones; Multi-stream Architectures exemplified
by CLIP’s dual-encoder design and extended by ALIGN [101] and Florence [310]; and Hybrid Architectures like ALBEF
[143], BLIP [141], and InstructBLIP [45] that combine modality-specific encoders with cross-modal fusion layers.

The learning strategies have evolved around three dominant directions to address cross-modal learning challenges.
Contrastive Learning, popularized by CLIP [212] and extended by ALIGN [101], Chinese-CLIP [299], and domain-specific
applications in medical imaging [330] and scientific literature [121], maximizes agreement between corresponding
multimodal pairs. Masked Modeling leverages Masked Language Modeling (MLM) with Masked Region Modeling (MRM)
as demonstrated by VinVL [320], OSCAR [147], BEiT [21], and MAE [81]. Generative Modeling encompasses cross-modal
content generation, e.g., DALL-E [217, 218], Flamingo [4], and GPT-4V [200]. Applications span Vision-Language Models
(e.g., BLIP-2 [140], VideoBERT [250]), Audio-Visual Models (e.g., AVBert [236], SpeechT5 [7], LAVISH [158], AV-HuBERT
[235]), and Multimodal Large Language Models (e.g., LLaVA [161], Video-ChatGPT [180]), which represent the current
frontier. Moreover, modern training strategies include small-scale specialized models like LayoutLM [295] and CLIP-
Score [84], that focus on domain-specific tasks with computational efficiency. Similarly, Large-Scale Foundation Models
including CLIP [212], DALL-E2 [217], and Flamingo [4] leverage massive datasets for general-purpose representations
with emergent capabilities. Instruction-Tuned Models like InstructBLIP [45] and LLaVA [161] leverage the foundational
models by incorporating instruction-following capabilities and demonstrate how instruction tuning techniques can be

effectively adapted from natural language processing to multimodal scenarios.

3.1 Summary

MML has evolved significantly from relying on hand-crafted features like SIFT and MFCC [168] to employing deep
learning-based methods using CNNs or RNNs [85, 127, 191]. This shift has enabled more sophisticated multimodal
representations and evolved beyond simple feature concatenation [44]. Recently, the transformer architecture has
revolutionized the field and enabled unified processing of modalities as token sequences and giving rise to powerful
models such as CLIP and VIiLBERT [169, 212, 294]. These models form the backbone of modern Vision-Language
and Multimodal Large Language Models and excel at tasks including contrastive learning, masked modeling, and
generative modeling [140, 161]. However, the integration of modalities involves challenges such as managing inherent
heterogeneity, and most critically, addressing scenarios with imperfect modalities [248]. The progression towards large-
scale foundation [4, 212] and instruction-tuned models [45] promises more general-purpose, robust, and interpretable
systems capable of reasoning across an ever-expanding set of tasks and domains. Laslty, the advancement of MML has
been accompanied by the emergence of several benchmark datasets that serve as standard testbeds for evaluating model
performance across diverse tasks and modalities. General-purpose datasets, such as MS-COCO [33], Visual Genome
[126], and LAION-5B [227], have played a central role in image captioning, visual question answering, and large-scale
vision-language pretraining. These datasets collectively support the development and benchmarking of models for
representation learning, fusion, and alignment, providing the foundation for studying scalability and generalization in

multimodal systems. A detailed overview of these datasets and their applications is provided in Table 2.



Multimodal Learning Under Imperfect Data Conditions: A Survey 7

Table 2. Existing benchmark datasets for MML. Modalities: Audio (A), Video (V), Image (1), and Text (T).

1

—

Dataset A
Image/Video Captioning and Retrieval

<

Application Area

ActivityNet Captions [125] X v X/ Video Understanding

COCO Captions [33] X X / /  Computer Vision, Language
Flickr30K [306] X X v/ Vision-Language

MS COCO [157] X X v/ Object Recognition
MSR-VTT [293] X v X v Video-Language Alignment
UPMC Food-101 [273] X X v v/ Food Recognition

VATEX [275] X v X/  Multilingual Video Captioning
WebVid-10M [16] X vV X /  Video-Text Pretraining

WIT [247] X X v v/ Multilingual Multimodal
Medical Imaging and Specialized Domains

MMIST-ccRCC [193] X X V V/  Medical Imaging

OBELICS [130] X X v/ Document Understanding
Multimodal and Vision-Language Pretraining

CC-12M [28] X X / /  Internet-scale Vision-Language
CLIP Benchmark [212] X X v/ /' Zero-Shot Learning
Conceptual Captions [233] X X / /  Vision-Language Pretraining
LAION-5B [228] X X / /  Large-scale Pretraining
LAION-5B [227] X X / /  Vision-Language Pretraining
UNITER eval. splits [35] X X / /  Vision-Language Pretraining
Sentiment and Emotion Analysis

CMU-MOSEI [13] v v/ X /  Affective Computing
CMU-MOSI [313] v v/ X /  Affective Computing

Video Analysis and Audio-Visual Tasks

AVA-ActiveSpeaker [223] v v/ X X Video Analysis, AV Sync
HowTo100M [190] v o/ X v Instructional Learning
XDViolence [284] v 7/ X X Violence Recognition

Visual Question Answering and Grounding

CLEVR [108] X X vV /  Reasoning

GQA [93] X X v/ Scene Understanding
MultiModalQA [254] X X v/ QA Multimodal Reasoning
NLVR2 [249] X X v/ V/  Visual Reasoning

VQA 2.0 [71] X X vV Question Answering

Visual Genome [126] X X v/ /' Scene Understanding

4 Dissecting MML Under Missing Modalities

Multimodal methods have demonstrated superior performance compared to their unimodal counterparts. However,
such methods are predominantly designed to operate under modality-complete conditions. Meanwhile, real-world
data is often incomplete due to factors such as occlusion, sensor failure, storage issues, and missing streams, therefore,
introducing significant challenges. Due to their reliance on complementary information from multiple modalities,
MML exhibit substantial performance deterioration when evaluated under missing modality scenarios. To assess
the robustness of MML under MMP, a number of studies have been conducted to evaluate their performance with
incomplete-modality settings. In recent works, [135, 172, 176] defined benchmarks for MMP with systematical drop
of varying fractions of missing labels or modalities either during train or test stage. These studies demonstrate that
existing MML architectures experience severe performance deterioration, at times under-performing their unimodal
counterparts.

Missing Modality Taxonomy: A wide range of approaches have been explored in the existing literature to address
this issue and enhance the robustness of MML against missing modalities. Leveraging the filtering strategy outlined
in Section 2, we classified the selected methods into eight distinct categories. To provide better readability and
understanding for the readers, we have defined a taxonomy, as illustrated in Fig. 2. Our taxonomy classifies these

approaches into three major categories: reconstruction, architectural and hybrid approaches, discussed in the following.

4.1 Reconstruction Approaches

Reconstruction approaches aim to regenerate or estimate the missing modality representation from the existing modali-

ties. While these methods are inherently complex and require challenging implementation, they rely on cross-modality
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M?Care [317] FCN-cGAN [96] LECR [344] MiDI [216] M3S [38] MLE-Missing [173] Mi-CGA [115]
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WMA [339] M2R2 [268] MMS-AttnFusion [92] SMIL [177] ShaSpec [264] OPTIMUS [50]
MMDL [144] T [314] SiBraR [64] SGM [56]
MMIN [333] TAG-RMSA [316] SMU-Net [12] SSED-Net [201]
MMS-RF [224] UML [302] TGRN [238]
MultiHop [183] UniBEV [271] TIP [57]
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Fig. 2. Taxonomy of the existing works addressing multimodal learning (MML) with missing modality problem (MMP)

interactions and relationships during training while preserving the integrity of the original feature representations.

Reconstruction approaches can be broadly classified into generative and alignment methods.

4.1.1 Generative Approaches. These methods leverage deep learning techniques, particularly Generative Adversarial
Networks (GANSs) and Variational Autoencoders (VAEs), to generate the absent modality by learning the underlying
joint distribution of multimodal data [26, 288, 297, 307, 322, 333, 350]. By capturing the statistical dependencies among
modalities, generative methods are capable of generating semantically consistent and plausible representations of
missing data [88, 96, 224, 253, 258, 331, 345, 349].

For instance, M2R2 [268] leveraged a data imputation strategy using common representation learning (CRL) for
reconstructing the absent modality representations during inference. Similarly, Jeong et al. [100] utilized a variational
encoder-decoder architecture coupled with a joint discriminator to enhance segmentation performance under modality-
incomplete settings. Recent advancements further push the boundaries of generative imputation. AMM-Diff [115]
integrated a diffusion-based generative model with an Image-Frequency Fusion Network for high-fidelity modality
reconstruction. Ke et al. [114] explored the use of large multimodal models to generate, rank, and select the most
appropriate reconstructions for missing modalities. John et al. [106] proposed a metric-learning framework to ensure
the consistency of generated multimodal features.

Graph-based and autoencoder-driven approaches also contribute to this growing field. SDR-GNN [61] reconstructed
missing modalities by aggregating spectral features through a spectral domain reasoning graph neural network. Li et
al. [144] applied stacked autoencoders for effective modality imputation in traffic data scenarios, while Li et al. [150]
introduced a deformation-aware encoder that infers missing modality information to recover the original image
representation. Collectively, these generative frameworks demonstrate the efficacy and versatility of learning-based
synthesis techniques in overcoming modality incompleteness across diverse domains. Table 3a provides an overview of

recent studies that leverage different generative methods.
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Table 3. Comparison of methods for MMP (1)

(a) Generative methods for MMP

(b) Hybrid methods for MMP

Method Modalities Application Area Method Modalities Application Area
3D-EDN [26] Images, Genomics Alzheimer Detection ADxPro [48] MRI, PET, CSF, Biomarkers  Alzheimer Prediction
AMM-Diff [115] Multimodal MRI MRI Synthesis DFTD [34] MRL, PET Alzheimer Diagnosis
Cascaded Network [106] Audio, Video, Thermal Person Classification DGMRec [119] Text, Images, Audio Recommendation System
CRA [258] Images, Text Object Recognition EBIA [332] Text, Audio, Video Sentiment Analysis
CSM-MFM [349] Multimodal MRI Tumor Segmentation FedMobile [166] Multimodal Sensor Data Human Activity Detection
CycAE [253] Multimodal Images Alzheimer Detection FF-LFL [343] MRI, CT, PET Brain Tumor Segmentation

DISCOM [307]
FCN-cGAN [96]
FGME-DNN [345]
FMCNet [322]
FMCNet+ [288]
IF-MMIN [350]
Knowledge Bridger [114]
M2R2 [268]
MMDL [144]
MMIN [333]
MMS-RF [224]
MultiHop [183]
RA-HVED [100]
SDR-GNN [61]
SRMNet [150]
UHN [297]
UniMF [88]
UMMIS [331]

Images, Genomics
MRI, Gene Expression
Multimodal MRI
Images, Infrared
Images, Infrared
Audio, Video, Text
Video, Audio
Audio, Video, Text
Multisensor Data
Audio, Video, Text
Multisensor Data
Images, Text
Multimodal MRI
Video, Audio
Multimodal MRI
Multimodal MRI
Audio, Video, Text
Multimodal MRI

Alzheimer Prediction
Medical Imaging

Tumor Segmentation
Person Re-Identification
Person Re-Identification
Emotion Recognition
Object Detection
Emotion Recognition
Traffic Data Imputation
Emotion Recognition
Context Recognition
Recommendation System
Tumor Segmentation
Emotion Recognition
Tumor Segmentation
Medical Imaging
Sentiment Analysis
Medical Imaging

HN-CNN [112]
HPMT [165]
IMDR [159]
iMMAir [58]
MSGEN [326]
MFCPL [131]
Mi-CGA [118]
MMGACL [334]
MMT-RMM [176]
MSAmbA [303]
MT-MSA [167]
OGP-Net [242]
OPTIMUS [50]
SGM [56]
SSFD-Net [201]
TGRN [238]
TIP [57]
UGaitNet [184]

Optical, DSM

Text, Images

Fundus, OCT
Images, Sensor Data
Text, Audio, Video
Audio, Video, Text
Text, Audio, Video
Text, Images

Images, Text

Audio, Video

Text, Audio, Video
Images, Infrared
MRI, PET, CSF
Image, Audio, Signals
Palmprint, Palmvein
Text, Audio, Video
Tabular, Images
Optical Flow, Silhouette

Remote Sensing, Classification
Long Document Classification
Ophthalmic Diagnosis

Air Quality Prediction
Sentiment Analysis

Hate Speech Detection
Emotion Recognition
Recommendation System
Hate Speech Detection
Human Action Recognition
Sentiment Analysis

Scene Segmentation
Alzheimer Prediction
Emotion Recognition
Biometric Recognition
Sentiment Analysis
Myocardial Prediction

Gait Recognition

(c) Co-learning methods for MMP

Method Modalities Application Area

ACN [276] Multimodal MRI Brain Tumor Segmentation
AVER [172] Audio, Video Emotion Recognition
D2-Net [301] Multimodal MRI Brain Tumor Segmentation
DML [338] Multisensor Data Weather Mapping

LLRC [53] Images, Text Face Recognition

LLTSL [52] Images, Text Face Recognition

LRMM [263] Text, Images Recommendation Systems
M3S [38] Text, Audio, Video Sentiment Analysis

MARL [124] Multimodal MRI Brain Tumor Segmentation
MissModal [156] Text, Audio, Video Sentiment Analysis

MRAN [171] Text, Audio, Video Sentiment Analysis

PMC [327] Images, Text Object Recognition

PMCL [20] Multiple Sensors Prototype Probing

SMIL [177] Video, Audio, Text Movie Genre Classification

(d) Distillation methods for MMP

Method

Modalities

Application Area

AMD-RS [202]
HMC-RGBD [67]
KD-MM [270]
KD-VQA [39]
LCMKD [265]
MDN-Action [66]
MH-SPL [321]
MiDI [216]
MITR-DNet [274]
ModalityMirror [60]
MSH-Net [279]
ProtoKD [272]
SBV [286]

Multispectral/HSI
Images, Depth
Multimodal MRI
Images, Text
Multimodal MRI
Images, Depth, Skeleton
Images, Text
Video, Audio
Text, Audio, Video
Audio, Video
Multispectral/HST
Multimodal MRI
Audio, Video

Remote Sensing Classification
Video Action Recognition
Alzheimer’s Diagnosis

Visual Question Answering
Brain Tumor Segmentation
Human Action Recognition
Image Recognition

Action Recognition
Sentiment Intensity Analysis
Audio Classification

Remote Sensing Classification
Brain Tumor Segmentation
Audiovisual Segmentation

4.1.2  Alignment. Unlike generative methods, alignment-based approaches do not aim to explicitly reconstruct missing

modalities. Instead, they seek to align available modalities within a shared latent space by leveraging cross-modal

interactions and semantic associations. Correlation analysis and contrastive learning are commonly employed techniques

to ensure that different modalities are semantically consistent while retaining their inherent characteristics [69, 82]. For

instance, MM-Align [78] explored optimal transport theory with deep learning modules to effectively align modalities

in a common latent space. M3Care [317] utilized auxiliary information derived from present modalities to assist the

alignment process through the construction of similarity matrices. Leveraging Bayesian methods, Matsuura et al.

[185] proposed a Bayesian Canonical Correlation Analysis (CCA) framework that projects multiple modalities into

a shared space and enhances robustness against modality incompleteness. In addition, several alignment strategies

based on sparse regression, covariance matrix modeling, and modality compensation have shown promising results in

maintaining cross-modal consistency [46, 103, 145, 204, 348].

More recent innovations further expand the scope of alighment-based strategies. Liang et al. [154] introduced a

graph attention network (GAT) using transfer learning to align heterogeneous data sources. Yu et al. [308] employed a
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modality-dynamic encoder to capture tumor semantics across incomplete modalities. Reza et al. [220] applied cross-
modal proxy tokens and alignment loss to guide the fusion process in the presence of missing data. Contrarily, Zhi et al.
[339] incorporated Wasserstein distance into self-attention mechanisms to enhance modality fusion and alignment.
Table 4e presents an overview of the reviewed works that employ alignment methods for improving model resilience
towards missing modalities.

In summary, generating and aligning multimodal representations before passing them to the model layers enables
reconstruction approaches to exhibit resilience against missing modalities. However, the major challenges include

handling misalignment caused by outliers in the data and overcoming noise in the synthesized data.

4.2 Architectural Approaches

Architectural approaches have gained significant attention within the research community and have been extensively
explored in the literature. Unlike complex reconstruction-based methods, these approaches focus on modifying existing
multimodal architectures to enhance their robustness against missing modalities. They leverage various techniques
that enable multimodal systems to maintain strong performance, even in the presence of missing modalities. These
techniques include model design manipulation, selective fusion, co-learning, distillation methods, attention-based

architectures, and prompt learning.

4.2.1 Modular Design. Model adaptation through architectural design is a key strategy for enhancing the robustness of
multimodal systems in the presence of missing modalities. This approach focuses on modifying the model architecture
to ensure that reliable predictions can still be produced using only the available modalities. Common techniques include
modality masking, modality dropout, and modular architectural components that allow each modality to contribute
independently during both training and inference [133, 173, 205]. Table 4b highlights the key studies that introduced
resilient architectural designs. For example, M3L [181] employed a semi-supervised framework that integrates modality
masking to improve model generalization. Similarly, MMMVIT [211] leveraged Vision Transformers to learn a shared
latent representation and extracted multi-scale features via intra-model fusion. Reza et al. [221] improved the robustness
of pre-trained multimodal networks by adapting the modulation of intermediate feature representations which enabled
the architecture to maintain performance despite missing inputs. UniBEV [271] introduced Channel Normalized Weights
to learn flexible combinations of input modalities resulting in increased modular adaptability towards missing data
scenarios.

Furthermore, transformer-based models have recently gained attention for their architectural flexibility in handling
missing modalities. mmFormer [329] introduced a hybrid design with modality-specific encoders and inter-modal
transformers, complemented by auxiliary regularizers that guide the learning of modality-invariant features. Similarly,
UML [302] applied attentional masking for handling missing inputs and incorporated auxiliary contrastive learning
between image and text features, effectively combining masked modality modeling with cross-modal alignment tasks.
Other architectural innovations include the use of modality dropout and regularization techniques during training
[129, 234, 280], masked autoencoders for unsupervised feature reconstruction [162, 182], modular network designs
with independently functioning sub-networks [12, 264], and dynamic co-learning mechanisms [160] that adaptively

balance modality contributions.

4.2.2  Selective Fusion. Fusion methods aim to mitigate the impact of missing modalities by utilizing different techniques
such as ensemble learning and weighted voting mechanisms [36, 146, 315]. Table 4d summarizes the studies that enable

selective fusion dynamically to improve multimodal performance. For instance, Zheng et al. [336] proposed progressive
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fusion that learns representations from single to multiple modalities. It involves taking the predictions from different
modalities which are fused for decision making. Shao et al. [232] investigated the decision time fusion through weighted
voting mechanism for representations. These studies indicates that fusion empowers the multimodal systems by

considering the most contributing modalities and leverage that information for better performance.

4.2.3 Co-Learning. Co-learning involves learning inter- and intra-modal relationships from the participating modalities.
These learned relationships compensate for missing modalities during inference and contribute heavily towards
improving model performance. Common techniques under this category include transfer learning [53, 177], zero-shot
learning [263], and conceptual grounding [124]. Moreover, as shown by Table 3c, these methods are leveraged to
improve modular performance across a variety of application areas. In recent literature, Bao et al. [20] proposed a
federated learning-based architecture that leverages a masking strategy to find, learn and compensate the missing
information. Konwer et al. [124] proposed a meta-learning methodology in combination with conceptual grounding
that enables the approximation of missing features from the learned shared latent space. MissModal [156] leveraged
shared learning by implementing geometric contrastive loss with distribution distance loss that allows the model to
learn a shared representation which assists under missing modality settings. MRAN [171] introduced resilience in
multimodal systems by reconstructing and aligning the participating modalities in a textual feature domain for effective
sentiment analysis. Similar approaches include meta sampling [38], duel disentanglement [301], knowledge sharing

[172, 338], progressive modality cooperation [327], adversarial co-training [276], and low-rank transfer [52].

4.2.4 Distillation. Distillation networks leverage student-teacher frameworks, where a student model trained with
incomplete modalities learns to emulate the predictions or representations of a teacher model trained on complete
modality data. By transferring semantic knowledge from a modality-complete teacher to a modality-incomplete student,
the resulting models achieve enhanced robustness and generalization [39].

Table 3d outlines recent studies that have explored various distillation strategies. For instance, Zhang et al. [321]
proposed cross-branch supervision through a bi-directional distillation architecture, where one branch learns unimodal
representations while the other performs MML. Wu et al. [286] extended this concept to audio-visual semantic segmen-
tation and leveraged a dual student-teacher design in which audio and visual student models independently learn from
their respective teacher networks to handle missing modalities. Similarly, ProtoKD [272] transferred semantic knowledge
from a complete-modality teacher to a student model that performs segmentation tasks under partial modality input.
Cross-Model distillation techniques [265, 270] further demonstrate how knowledge from complete-modality models
can be effectively leveraged to guide lightweight or specialized student networks. Similar methods for modality-aware
distillation include joint adaptation distillation [279], adversarial distillation [202], and hallucination-based distillation
[66, 67].

4.2.5 Attention Mechanisms. Attention involves focusing on the relevant information by dynamically adjusting the
weight of each modality based on its relative importance. Learned attention mechanisms and weighted fusion strategies
are commonly employed to achieve this dynamic adaptation, making multimodal systems more resilient to missing data
[47, 241]. Table 4a outlines existing studies leveraging attention-based methods for modular robustness. In a recent
study, MMAN-M2 [142] used a transformer-based encoder-decoder model with a multi-head mechanism for dynamic
extraction and fusion of feature representations. Similarly, CTNet [105] proposed a transformer-based multi-head
attention network for enhancing resilience in the task of audio-visual classification. The architecture enables the

modality alignment and allows the network to perform better with and without missing modalities.
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Table 4. Comparison of methods for MMP (II)
(a) Attention-based methods for MMP (b) Modular design methods for MMP

Method Modalities Application Area Method Modalities Application Area

AMMER [262] Audio, Video, Text Emotion Recognition AFG [133] Audio, Video Action Recognition
ARMOUR [163] Text, Table Mortality Prediction ActionMAE [280] RGB, Depth, Infrared Action Recognition

AV-SF [105] Audio, Video Person Recognition AV-Expression [205]  Audio, Video Expression Recognition
AVTPR [104] Audio, Video Person Recognition BTS-Missing [234] Multimodal MRI Brain Tumor Segmentation

CSK-Net [241]
FRAMM [255]
Gait-MMR [47]
LFCR [344]
MagNET [123]

MEFI [335]
MMAN-M2 [142]
MMM-VoxCeleb [37]
MMMB [328]
MMS-AttnFusion [92]
TAG-MSA [314]

Optical, Infrared
Clinical Trials Data
Images, Silhouettes, Depth
Multimodal MRI
Multimodal MRI
Multimodal MRI
Audio, Video
Audio, Video
Images, Text
Multimodal MRI
Video, Audio, Text

Semantic Segmentation
Clinical Trial Site Selection
Gait Recognition

Brain Tumor Segmentation
Brain Tumor Segmentation
Brain Tumor Segmentation
Emotion Recognition
Speaker Identification
Image Aesthetic Prediction
Brain Tumor Segmentation
Sentiment Analysis

PEA [221]

Chameleon [155]
M3AE [162]
MBR-FV [182]
MLE-Missing [173]
MMMVIT [211]
MMR-SSMS [181]
ModDrop++ [160]
mmFormer [329]

ShaSpec [264]
SiBraR [64]

Image, Text, Audio
Multimodal MRI

Facial Video

Audio, Video
Multimodal MRI
Images, Depth Imaging
Multimodal MRI
Multimodal MRI
Depth, Thermal, Images
Multimodal MRI
Image, Text, Audio

Representation Learning
Brain Tumor Segmentation
Biometrics Recognition
Emotion Recognition
Brain Tumor Segmentation
Semantic Segmentation
Sclerosis Lesion Segmentation
Brain Tumor Segmentation
Semantic Segmentation
Brain Tumor Segmentation
Recommendation System

TAG-RMSA [316] Video, Audio, Text Sentiment Analysis SMU-Net [12] Multimodal MRI Brain Tumor Segmentation
UML [302] Multimodal OCT Visual Acuity Prediction
UniBEV [271] LiDAR, Images Object Detection
URN [129] Multimodal MRI Brain Tumor Segmentation
(c) Prompt learning methods for MMP (d) Selective fusion methods for MMP
Method Modalities Application Area Method Modalities Application Area
M&TSP [74] Text, Audio, Video Emotion Recognition EMMR [315] Text, Audio, Video Sentiment Analysis
MIFPN [49] Multimodal MRI Brain Tumor Segmentation PEN [336] Video, Sensor Person Re-identification
MMWP [135]  Images, Text Food Recognition SLR-Fusion [232] Images, Depth Face Recognition
MSPs [99] Images, Audio Movie Genre Classification UMAEA [36] Images, Text Multimodal Entity Alignment
PAL [312] Audio, Video, Text ~ Food Recognition UME-MMA [146]  Audio, Video, Text ~ Audio-Video Event Localization
RAGPT [128] Text, Images Hate Speech Detection
SCP [208] Images, Text Hate Speech Detection

(e) Alignment methods for MMP

Method Modalities Application Area

CMPTs [220] Images, Text Robust Learning

CMAT [204] Images, Skeleton Human Action Recognition
CMR [145] Multimodal Data Cross-modal Retrieval
EMMA [46] Text, Images Object Retrieval

GAT [154] MM Knowledge Graph ~ Representation Learning

GBCCA-M2 [185]
HOJ3D-NLM [69]

IPD [103]

M3 Care [317]
MCPD-Net [82]
MM-Align [78]
Multi-modal Fusion [348]
Penta-Encoder [308]
WMA [339]

Images, Tabular
Video, Audio

Audio, Video, Text
Multimodal EHRs
Images, Accelerometer
Multimodal Sequences
Images

Multimodal MRI
Video, Text, Audio

Image Retrieval

Human Action Recognition
Sentiment Intensity Analysis
Ocular Disease Diagnosis
Parkinson Classification
Model Robustness

Facial Recognition

Brain Tumor Segmentation
Hate Speech, Movie Genre

Meanwhile, multiple attention-based architectures have been proposed to handle missing modality in different
application areas. For effective emotion recognition and classification, Vazquez et al. [262] enhanced model performance
by introducing cross-model and self-attention in the underlying transformer architecture. Similar recent works include
inter-model contrastive learning [163], masked cross model attention [255], and tag-assisted attention [314]. In addition,
attention-based architectures are employed for sensor fusion [104], brain tumor segmentation [92, 335, 344, 346],

sentiment analysis [37, 316], and image aesthetic prediction [328].

4.2.6 Prompt Learning. Prompt learning leverages modality-specific prompts that guide the model in adapting to
varying input conditions. These learnable prompts enhance the generalizability by acting as auxiliary inputs that
allow the underlying network to recognize and respond to the presence or absence of particular modalities [99].
Table 4c outlines the existing literature that leverages prompt learning. For modality-aware prompts, Lee et al. [135]

leveraged dynamically learnable training where the proposed model learns adaptive prompt embeddings to indicate



Multimodal Learning Under Imperfect Data Conditions: A Survey 13

the availability of each modality. Pipoli et al. [208] proposed a semantically-driven prompt learning module that
generates sample-specific prompts by querying a memory bank using semantic features from the available modalities.
Similarly, Yue et al. [312] introduced modality-specific and task-aware prompts that dynamically adjust the model’s
behavior by leveraging both intra- and inter-modal features, significantly enhancing robustness to missing data. Recent
advancements have pushed the boundaries of prompt-based adaptation further. Lang et al. [128] employed context-aware
retrieval mechanisms to generate instance-specific prompts that dynamically tailor the model’s response to missing
modality conditions. Similarly, Guo et al. [74] designed a system with modality-specific, task-specific, and task-aware
prompts, capturing fine-grained modality-task interactions.

In summary, architectural techniques ranging from modular designs and distillation to prompt-based learning and
attention, provide computationally efficient means for introducing robustness in multimodal systems and while these
methods show promising success, key challenges remain in managing the trade-off between computational efficiency
and performance, especially across diverse tasks and modality combinations. Furthermore, task-independent designs,
refinements to prompt learning, and novel attention or fusion mechanisms to create more adaptable and resilient

multimodal systems can be explored for enhanced model resilience.

4.3 Hybrid Approaches

Hybrid methods aim to overcome the limitations of individual techniques by combining their complementary strengths,
often yielding significantly improved performance under diverse missing modality scenarios. For instance, MTMSA
[167] combined modality translation with fusion mechanisms in an encoder-decoder setup to enhance sentiment analysis
performance under missing modality conditions. Zhou et al. [343] proposed a hybrid of cross-model fusion leveraging
multi-scale fusion and multi-task learning, to improve robustness in multimodal tumor segmentation. Likewise, Chen
et al. [34] proposed imputation of missing modalities through combined distillation networks with a disentanglement
module to capture both intra- and inter-modal characteristics. Table 3b highlights the work leveraging hybrid strategies
such as model design integrated with dynamic fusion [176], self-supervised learning using attention and pre-trained
encoders [184], and semi-supervised reconstruction-based co-learning frameworks [56, 112]. Furthermore, recent hybrid
models continue this trend by combining diverse learning paradigms such as contrastive learning, disentanglement,
proxy learning, and federated training. Dhivyaa et al. [48] and Zhang et al. [332] introduced hybrid models using VAEs,
RNNs, and fuzzy-aware modules for healthcare and sentiment analysis. Kieu et al. [118] and Liu et al. [165] employed
graph neural networks and hierarchical modeling to address missing modalities in emotion and document classification.
More recent works such as Fan et al. [58], SSFD-Net [201], IMDR [159], and FedMobile [166] integrated diffusion-based
disentanglement, proxy learning, and federated MML. Others such as Zhao et al. [334], Le et al. [131], and Du et al. [57]
used attention-enhanced fusion and contrastive alignment strategies.

In summary, hybrid methods present a promising way towards robustness with the issue of missing modalities by
strategical combination of different methods that show great resilience. However, this introduces several challenges
including complex architectural design, computationally expensiveness, and modality alignment when integrating
different approaches. Future works can investigate these problems and can propose efficient hybrid designs that

overcome these issues.

4.4 Summary

Addressing missing modalities remains a critical challenge in MML, driving the development of a diverse range of

strategies. This section has surveyed the major ones employed through a comprehensive taxonomy presented in Fig. 2.



14 Liaqat et al.

The proposed taxonomy include Reconstruction, Architectural, and Hybrid approaches with each offering distinct
mechanisms to handle missingness in MML. Reconstruction approaches focus on estimating or synthesizing the missing
modality from existing ones by leveraging cross-modal relationships. Generative methods such as GANs, VAEs, and
diffusion models have demonstrated success in producing semantically coherent and high-fidelity reconstructions by
learning the joint distribution of multimodal data [61, 100, 114, 115, 268]. While powerful, these methods often entail
high computational complexity and can be sensitive to noise or outliers in the training data [253, 333]. Alignment-based
methods, in contrast, do not generate the missing modality directly but instead embed all available modalities into a
shared latent space. This enables the model to infer robust multimodal representations without explicit imputation
[78, 185, 317]. Though computationally lighter, these methods can struggle with modality misalignment and semantic
drift under high missingness. Architectural approaches avoid reconstructing missing modalities altogether and focus
instead on adapting model architectures or learning dynamics to be inherently resilient. Techniques such as modality-
specific architectural designs [181, 211], late fusion [232, 336], and co-learning frameworks [124, 156] allow models
to function robustly with only partial inputs. Knowledge distillation methods train student models with incomplete
inputs under the guidance of complete-modality teacher models, which enhances generalization across varying input
configurations [216, 272, 321]. Attention-based mechanisms further enhance adaptability by dynamically weighting
modalities based on relevance [142, 163]. On the other hand, prompt learning offers a lightweight and modular approach
particularly suited to transformer-based architectures [135, 208]. Despite their efficiency, these approaches may require
extensive tuning or specialized designs to generalize across tasks and domains. Hybrid methods integrate multiple
architectural methods, often combining the reconstruction, alignment, attention, distillation, and other methods
to capitalize on their complementary strengths. For example, combining cross-modal imputation with fusion and
disentanglement has yielded promising results in sentiment analysis and medical imaging [34, 167, 343]. Recent
advances further incorporate contrastive learning, federated learning, and graph-based reasoning to address complex
real-world scenarios [58, 166, 292, 303]. While hybrid strategies offer improved robustness and generalization, they
often involve increased architectural complexity and higher computational demands, which may hinder scalability
[48, 332].

To facilitate research on robustness towards missing modalities in MML, multiple benchmark datasets have been

explored in the existing literature. We summarize them in Table 5a.

5 Dissecting Multimodal Learning Under Corrupted Modalities

In real-world scenarios, collecting and processing high-quality multimodal data is inherently challenging due to the
possibility of various forms of data corruption within the data. These corruptions can occur during data collection,
transmission, or during storage stages, and their effects are often severely compounded in multimodal settings where
multiple heterogeneous data streams must be synchronized and learned effectively. Therefore, the presence of noise in
any single modality can degrade the overall system performance, and when multiple modalities are simultaneously
affected, the impact can be severe and unpredictable [323]. In such cases, the corruptions can propagate through the
MML pipeline, leading to compounding errors or biased predictions. These corruptions disrupt the integration of
diverse data modalities, ultimately decreasing both accuracy and robustness [42, 164]. Empirical studies have further
demonstrated that multimodal models are particularly sensitive to corrupted inputs, underscoring the necessity for
robust MML methodologies [23, 30, 83, 186, 237, 257, 260]. To address the CMP, a wide array of approaches have been

proposed, which we classify into four categories according to our taxonomy of corruption handling methodologies as
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Table 5. Existing benchmark datasets for MML for MMP (right) and CMP (left). Modalities: Audio (A), Video (V), Text (T), Image
(). Corruption (C): Noise (N), Perturbations (P), Rephrasing (R), Variance (V). TOne or more modalities are synthetically dropped or
naturally absent in derived splits.

(a) Datasets for Missing Modality Problem (b) Datasets for Corrupt Modality Problem

Dataset’ A V I T Application Area Dataset A V. T I C Application Area

Action and Activity Recognition Audio and Event Detection

Kinetics-Sounds [27] v/ X X  ActionRecognition Common Voice-N [9] v/ X VX N  SpeechRecognition
NTU RGB-D [230] X X v X Activity Recognition CrisisMMD [3] X X v/ N Crisis Recognition
Event Detection DESED [188] v ox X X N Event Detection
AudioSet (inc.) [68] v 7/ X X Event Classification MIMII [210] v X X X N Anomaly Detection
General Classification Data Retrieval

MM-IMDB [10] X v v Multi-label Classification Flickr30K-N [143] X X v /N Cross-modal retrieval
Hate Speech Detection MSR-VTT-N [170] X v v X N Video-text retrieval
Hateful Memes [117] X X v v Multimodal Classification Winoground [256] X X v v N Cross-modal reasoning
Medical Al (Diagnosis, Prognosis, Imaging) Image Classification and Captioning

BraTS$ 2018/2020 [17] X X v X Image segmentation CIFAR-10-C [83] X X X v N Image classification
M3Care [317] X X X v Prognosis Prediction Cityscapes-C [189] X X X 4 N  Semantic segmentation
MIMIC-III [107] X X X v Clinical Diagnosis COCO-C [189] X X X v N Object detection
Multimodal Translation and ASR COCO-Noisy [32] X X v v N Image-text alignment
How2 [225] v vV X V/  Machine Translation ImageNet-C [83] X X X /N Image classification
Retrieval ImageNet-P [83] X X X v/ P Image classification
COCO-Missing [277] X X V/ /  Image-text Retrieval PASCAL-C [189] X X X /N Object detection
Flickr30K-Missing [277] X X v v Image-text Retrieval Sentiment and Emotion Classification

MIT-States [97] X X v/ /  Zero-shot Learning CMU-MOSI-R [215] v /v 7 X R Sentiment Classification
RecipelM+/Food-101 [273] X X V/ /  Cross-modal Retrieval MS3ED [149] X v v X V  Emotion Recognition
Sentiment and Emotion Classification VoxCeleb-N [195] v/ vV X X N Speaker Identification
CMU-MOSEI [13] v/ v/ X /  Emotion Recognition Visual Question Answering

IEMOCAP [24] v/ VX /  Emotion Recognition R-Bench [138] X x v/ N Multimodal Reasoning
MELD [209] v v/ X /  Emotion Recognition VQA-CP [2] X X vV VR BiasEvaluation
MISA-MOSEI [80] v 7/ X v Sentiment Analysis VQA-Rephrasings [229] X X v o/ R Linguistic Variation
SMIL-MOSI [177] v/ X/  Sentiment Analysis VQA-Robust [95] X X v v/ N Noise-tolerant VQA
Visual Question Answering

VQA-Missing [240] X X /' Robust Learning

shown in Fig. 3. We also survey their application areas, outline corresponding benchmark datasets, and highlight open

challenges in designing resilient multimodal systems.

5.1 Data Processing

Data Processing methods seek to ensure input quality at the initial stage of the data pipeline, by preventing the
propagation of corrupted data through the multimodal architecture. They often operate at the signal or feature level
and attempt to restore a clean version of the input using statistical or learned techniques. Such methods are especially

useful when the corruption is detectable and relatively localized.

5.1.1 Denoising Methods. Denoising methods such as autoencoders are neural network architectures that are designed
to remove the noise from the input modalities. In multimodal settings, they are either trained for each individual modality
or jointly across modalities to exploit correlations. Table 7a presents different denoising methods have been explored
across diverse application domains. In medical imaging, RHViT [342] proposed a Hierarchical Vision Transformer for
brain tumor segmentation that leverages masked image modeling (MIM) with 3D convolutions during pre-training.
For sensor noise handling, Centaur [287] leveraged a denoising autoencoder for reconstruction of noisy sensor signals
prior to multimodal representation pipeline. In cloud computing, Ikhlas et al. [94] targeted the noise in time series data
by leveraging the proposed stacked denoising autoencoder with bidirectional gated recurrent units (BiGRUs). Similarly,
Yin et al. [305] denoised the impulse noise in the multimodal streams for multimodal image reconstruction. Such studies
contribute towards robust, smart surveillance and video communication systems and underscore the importance of
incorporating noise-resilient denoising methods within multimodal architectures for improved resilience against data

corruption.



16 Liaqat et al.

{Multimodal Learning with Corrupted Modalilies}

Data Processing Methods {Architecmral Methods} { Training Strategies } { Post Hoc Methods }

{Denoising Methods Robust Fusion Confidence Estimation Noise Aware Networks Adversarial Training Data Augmentation Recovery Mechanism Error Detection }

\ | |

Centaur [287] ASPNet [261]
DAE [219] AV-RelScore [
GRU [94]
RHVIT [342)
Scheme-M6 [305]

ARFS [300]
COM [134]

6]

CleanCLIP [19]
EAANS [59] MMCBench [315] Zeronlg [296]
771 M3P [199] MMSF [111]

7] MSPL [321] PMDA [252]
FormNetV AMCCA [245) SDB [5]
gPOE [109) MSER [192] VI-RelD [110]

MLCLNet [337] MICINet [325] VideoBERT [250]
MoNIG [174] RAML [31] VLMBeneh [113]
NAF [226] SeaNet [222]

KernelFusion [5] SGIR [51]
ProgressiveFusion [231]

SensorFusion [261]

TVDiag [290) 2LTTA [136]
VMLoe [341]

Fig. 3. Taxonomy of the existing works addressing multimodal learning (MML) with corrupted modality problem (CMP)

5.2 Architectural Methods

Architectural methods are designed to withstand noise during learning and inference. These methods aim to introduce the
robustness into the model architecture such that it is dynamically able to actively tolerate the present corruption. Noise-
aware Networks, Confidence Estimation, and Robust Fusion strategies are among the key strategies. Corresponding
approaches are especially valuable when corruption is subtle, modality-specific, or occurs during deployment, making

it impractical to rely solely on preprocessing.

5.2.1 Noise-aware Networks. They explicitly anticipate and introduce uncertainty of corrupted input into their model
design. Instead of treating all inputs equally, these networks are structured to model and respond to noise during
both training and inference. These architectures simulate the likelihood of noise by introducing modality masking,
gating, and dropout during training to introduce resilience in the architecture. Table 6b highlights the existing studies
that leverage novel design choices to withstand data corruption in multimodal networks. For instance, SuMi [73]
addressed the stable test-time adaptation under complex multimodal noise by utilizing statistical smoothing and mutual
information sharing towards noise-awareness in present modalities.

Zhang et al. [325] proposed MICINet, which targets inter-class confusing information (ICI) by identifying and
removing structured noise patterns across vision, audio, and text inputs. In network design, ADMN [283] proposed
dynamic architectural adjustments in response to varying levels of Gaussian noise across RGB, depth, radar, audio,
and WiFi inputs. Lei et al. [136] explored model parameter manipulation for test-time robustness through a two-level
adaptation strategy. Leveraging contrastive learning, Ma et el. [178] proposed learning with noisy and sparse multimodal
data in recommendation systems. Additional strategies including tensor rank regularization [151], cyclic translation
between modalities [207], and cross-modal correlation learning [245] have been proposed to recover clean signals from
noisy or missing data. These approaches show that incorporating noise handling directly into network design improves

generalization and resilience in multimodal settings.

5.2.2  Confidence Estimation. Confidence estimation evaluates the trustworthiness of the input modalities dynamically
by computing confidence score either learned or through heuristic methods. It estimates the perceived quality of the

input and guides the architecture towards the contributions of the participating modalities towards the final multimodal
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Table 6. Comparison of methods for CMP (1)

(a) Robust fusion methods for CMP

(b) Noise-Aware methods for CMP
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Method Modalities Application Area Method Modalities Application Area
AFusion [298] Images, Sensor Emotion Detection ADMN [283] Images, Audio, Sensor ~ Object Localization
Bimodal [187] Speech, Facial Images Smart Surveillance AdaFlow [282] Camera, LiDAR, GPS Mobile Sensing
CAV2vec [120] Audio, Video Speech Recognition CLHE [178] Text, tabular data E-commerce

MCL [214]

CREM [239]

GCN [42]
GatedFusion [206]
BVS [213]

HGMEF [29]
LRME [62]
MultiBench [152]
KernelFusion [8]
PFusion [231]
SensorFusion [281]
TVDiag [290]
VMLoc [341]

Gas Sensor, Images
Optical Imagery, DSMs
Images, Text

Images, LIDAR

Images, Sensor

Images, Audio, Video
Sensor, Time-Series

Text, Images, Video, Audio
Image, Text, Audio, Video
Text, Images, Audio, Sensor
LiDAR, Images

Logs, Metrics, Traces

RGB Images, Depth Maps

Industry 5.0
Remote Sensing
Scene Recognition
Object Detection
Biometric Security
Data Mining
Industry 5.0

HCI, Healthcare
Content Analysis
Sentiment Analysis
Autonomous Driving
Failure Diagnosis
Robotics

CALICO [251]
ConvLSTM-DLM [77]
MCTN [207]
dMCCA [245]
MS3ER [192]
MICINet [325]
RAML [31]

SeaNet [222]

SuMi [73]

T2FN [151]
V2-SfMLearner [14]
2LTTA [136]

Camera, LIDAR
Images

Text, Video, Audio
Images, Text
Images, Text, Audio
Images, Text, Audio
Video, Text, Audio
Audio, Accelerometer
Images, Text, Audio
Text, Video, Audio
Images, Vibration
Images, Text, Audio

3D Object Detection
Medical Imaging
Sentiment Analysis
Multimodal Learning
Emotion Recognition
Security

Emotion Recognition
Speech Enhancement
Test-Time Adaptation
Speech Recognition
Robotics

Test-Time Adaptation

(c) Augmentation-based methods for CMP

Method Modalities Application Area
CTC-Seq2Seq [1] Audio, Video Speech Recognition

LaaF [76] MR], Clinical Data Medical Imaging

MATC [41] Text, Audio Emotion Recognition
MMCBench [318] Images, Text, Audio Multimodal Classification
MMSF [111] Images, Infrared Smart Surveillance
PMDA [252] Images, Infrared Smart Surveillance

SDB [6] Images, Sensor Industry 5.0

VI-RelD [110] Images, Infrared Surveillance Systems
VideoBERT [250] Audio, Video Action Recognition

VLMBench [113]

Text, Images

Long Form Generation

(d) Confidence estimation methods for CMP

Method

Modalities

Application Area

ASPNet [261]
AV-RelScore [86]
CML [175]
DataTrace [197]
DL-BEM [139]
FedMultimodal [59]
FormNetV2 [132]
gPoE [109]
MLCLNet [337]
MOoNIG [174]
NAF [226]

SGIR [51]

Video, Sensor
Images, Audio
Video, Text, Audio
Text, Sensor

Text, Audio, Sensor
Images, Text, Audio
Text, Layout, Image
Images, Sensor
Images, Sensor
Images, Text

Video, Audio
Images, Text, Audio

Action Segmentation
Speech Recognition
Classification
Anomaly Detection
Health Monitoring
Activity Recognition
Document Analysis
Video Segmentation
Medical Al
Sentiment Analysis
Speech Extraction
Classification

prediction. Table 6d summarizes the recent studies leveraging diverse strategies for confidence estimation for CMP. For
instance, Li et al. [139] proposed an adaptive attention-based architecture for mental health monitoring within Internet
of Smart Things (IoST) systems that learns to adjust weight of each modality given the contextual relevance. In medical
imaging, Zheng et al. [337] proposed MLCLNet for multi-level confidence estimation to assess both feature and label
reliability. Similarly, Ma et al. [174] incorporated a Mixture of Normal-Inverse Gamma (MoNIG) distribution to model
uncertainty for trustworthy multimodal regression and estimating per-modality confidence in noisy inputs. Calibrating
Multimodal Learning (CML) [175] introduced a regularization method that mitigates compromised predictions in the
presence of corrupted or missing modalities. FedMultimodal [59] explored federated learning with structured and
unstructured noise and emphasized on the need for calibrated confidence signals across distributed and unreliable
input sources. Hong et al. [86] proposed AV-RelScore, a reliability scoring module for audio-visual speech recognition
(AVSR). Similarly, Ding et al. [51] proposed Star Graph Interaction for confidence-based weighting via centralized hubs
and private pathways to maintain robustness under noisy conditions. In document understanding, FormNetV2 [132]
leveraged graph contrastive learning for learning robust representations from noisy text and image data. Across these
works, confidence estimation proves critical not only for accurate predictions but also for graceful degradation in the

presence of real-world noise and modality-specific corruption.

5.2.3 Robust Fusion. Robust fusion strategies are designed to suppress the impact of corrupted inputs during the fusion
process. Instead of assuming that all modalities are equally informative, these methods selectively combine modalities
based on context, reliability, or mutual agreement. Some approaches fuse only those modalities that exceed a quality

threshold, or use late fusion to maintain independent predictions that can be reconciled based on confidence. Table 6a
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highlights the recent works that leverage fusion for CMP. For instance, Kim et al. [120] proposed leveraging fusion with
self-supervised learning for Audio-Visual Speech Recognition to jointly address noise in audio and visual modalities.
Similarly, Shi et al. [239] introduced context-aware fusion network for remote sensing that addresses the structured
noise in Digital Surface Models (DSMs) by using a Context Representation Enhancement Module (CREM). Patel et al.
[206] developed a gated architecture for Unmanned Ground Vehicle (UGV) navigation that fuses camera and LiDAR
data towards ensuring fault tolerance to sensor dropout and noise. In the industrial domain, Fu et al. [62] applied a
low-rank multi-manifold embedding approach for monitoring incomplete sensor readings Rahate et al. [214] leveraged
co-learning-based fusion for handling noisy sensor and thermal images and demonstrated that robust multimodal
training can mitigate corruption in safety-critical applications. Graph-based approaches like HGMF by Chen et al.
[29] integrate compromised multimodal data by using a heterogeneous graph representation and ensuring that only
reliable modalities influence the final prediction. For facial action recognition, Yang et al. [298] proposed Adaptive
Multimodal Fusion (AMF) that dynamically adjusts the architectural weights to handle modality-specific occlusions
and improve expression recognition. Similarly, Raghavendra et al. [213] enhanced person verification by combining
palm print and hand vein information while using a noise-resistant edge mask for fusion under visual corruption. In
summary, architectural approaches offer high flexibility and runtime adaptability that makes them suitable for dynamic
and safety-critical systems where data quality may fluctuate. However, they often introduce new challenges such as
architectural complexity and increased training demands. Moreover, estimating the confidence of noise accurately in

real-time remains an open research challenge, especially when corruption is adversarial or multimodal in nature.

5.3 Training Strategies

Unlike preprocessing or architectural strategies that primarily operate at pre-training or model design stages, training
strategies aim to induce models with generalization capabilities under noise and corruptions by modifying the input

representations or learning objectives.

5.3.1 Data Augmentation. Corruption-based data augmentation involves augmenting the training data with artificially
generated corrupted samples to simulate real-world noisy data. These methods infuse robustness by diversifying the
input distribution and enable the model to learn features invariant to noise. In audiovisual domain, frame dropout and
motion blur have been applied to simulate sensor-induced artifacts during video pretraining [250]. For speech recognition,
time masking and additive noise improve model robustness to environmental corruptions [1]. In multimodal sentiment
analysis, partial masking of audio or textual inputs has been employed to force the model to rely on complementary
visual signals [41].

Recent studies have expanded corruption-based data augmentation to increasingly complex and realistic multimodal
settings as shown in Table 6c. Kaplan et al. [113] investigated the effect of structured text corruptions in long-form
vision-language tasks, revealing their influence on hallucination behaviors and offering insights into robustness under
systematic textual noise. Zhang et al. [318] provided a broad evaluation of large multimodal models prone to common
data corruptions across vision, text, and speech modalities. In industrial and robotics contexts, Altinses et al. [6]
leveraged augmentation techniques specifically tailored to realistic sensor failures. In medical imaging, Hager et al. [76]
applied corruption-aware contrastive learning to handle noisy or incomplete cardiac imaging and clinical tabular data.
These studies collectively demonstrate how corruption-based data augmentation not only enhances model robustness
but also promotes generalization across a wide array of multimodal applications, from surveillance and healthcare to

industrial automation.
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Table 7. Comparison of methods for CMP (II)

(a) Denoising methods for CMP (b) Adversarial training methods for CMP
Method Modalities Application Area Method Modalities Application Area
Centaur [287] Sensors Activity Recognition AdvCLIP [347] Image, Text Contrastive Learning
DAE [219] Images, acoustic bathymetry ~ Autonomous Vehicles AdaptiveFNC [75]  Image, Video Video Classification
GRU [94] vCPU, memory, storage Resource Forecasting CleanCLIP [19] Image, Text Adversarial Learning
RHVIT [342] 3D multimodal MRI Medical Imaging EAANS [89] Image, Video, Text ~ Multimodal Classification
Scheme-M6 [305] Images Video Classification M3P [199] Text, Image Captioning, Retrieval
MSPL [321] Images Image Classification
(c) Error detection methods for CMP (d) Recovery based methods for CMP
Method Modalities Application Area Method Modalities Application Area
ARFS [300] Images, Audio, Text Multimodal Learning DAC [63] Images, 3D Point Clouds Cross-Modal Retrieval
CCM [134] Images, Depth, Sensor  Autonomous Vehicles MMFF [5] Image, Time Series, Sensor Industrial Automation
LNL [70] Images, Text Language Understanding PATCH [267] Sensor, Video, Infrared, Thermal ~ Autonomous Driving
MMDetect [246]  Images, Text LLM Evaluation Zeronlg [296]  Images, Videos, Text Video Captioning
MSC-Bench [79] Camera, LIDAR 3D Object Detection
NSA [43] Images Activity Recognition

5.3.2  Adversarial Training. Adversarial training introduces perturbations that are artificially curated to degrade model
performance, with the aim of improving robustness against worst-case inputs. In the multimodal setting, perturbations
may target individual modalities, cross-modal alignments, or shared latent spaces. By incorporating adversarial examples
during training, the model learns to recognize and resist subtle but harmful perturbations that may not be captured
through simple data augmentation. Table 7b summarizes studies that have explored a variety of adversarial training
techniques to enhance the resilience of multimodal models against data corruption. For instance, Huang et al. [89]
leveraged evolutionary adversarial attention networks (EAANS) to withstand the random noise in visual data. Their
method incorporates adversarial perturbations during training to refine multimodal feature representations. CleanCLIP
[19] specifically targets data poisoning attacks in multimodal contrastive learning, where poisoned images are introduced
to implant backdoors in vision-language models. Similarly, AdvCLIP [347] leveraged artificially curated adversarial
examples that target both image and text modalities. Similarly, Gupta et al. [75] explored adversarial manipulations in
self-supervised contrastive learning by mitigating false negative pairs, showing that careful negative sampling improves
adversarial robustness in both image and video classification tasks.

In summary, Training-based strategies are generally model-agnostic and can be integrated with a wide range of
multimodal architectures. However, their effectiveness is highly dependent upon the type and severity of the cor-
ruptions employed during training. Additionally, adversarial training methods, while powerful, introduce significant
computational overhead and may suffer from reduced generalization if the perturbation space is not carefully con-
trolled. Nevertheless, when appropriately designed, these strategies significantly enhance a model’s robustness to

modality-specific or cross-modal corruptions.

5.4 Post-hoc Methods

Post-hoc correction methods are designed to operate after the intermediate architectural stages to detect and mitigate
the impact of noise. They are especially valuable in safety-critical systems where runtime correction can enhance model

reliability without requiring complete reprocessing.

5.4.1  Error Detection. Error detection models seek to distinguish between clean and noisy modality signals, often
leveraging consistency checks across modalities or statistical deviations from expected representations. For instance,

confidence-based approaches assess internal model uncertainty to flag potentially corrupted data segments, while
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cross-modal agreement techniques detect inconsistencies in predicted semantic content between modalities. Table 7c
presents the recent studies that have explored various post-hoc error detection techniques for CMP. For instance, Gou et
al. [70] leveraged internal model signals to distinguish between clean and corrupted samples. They utilized a small clean
dataset for recovery and training noise-aware model that actively tolerates corruption without external supervision.
Lee et al. [134] proposed a “Detect, Reject, Correct” framework for detecting corrupted sensor modalities by evaluating
reconstruction inconsistencies. Cross et al. [43] applied the Negative Selection Algorithm (NSA) to detect anomalous
inputs in multimodal activity recognition pipelines. The proposed network identifies the noisy sensor data without

prior labeling, making it particularly useful in health monitoring applications.

5.4.2 Recovery Mechanisms. Recovery mechanisms seek to restore the reliability of the multimodal representation
after corrupted inputs have been detected. These mechanisms can range from simple heuristics, such as excluding low-
confidence modalities from the final fusion stage, to more advanced techniques like learned reconstruction mappings
that regenerate corrupted modality features from clean ones. As shown by Table 7d, several cross-modal translation
networks and redundancy-aware imputation methods have been explored to recover corrupted modality streams
using information from intact modalities. For instance, Gan et al. [63] leveraged a divide-and-conquer method that
mitigates the effects of noisy labels in 2D-3D retrieval via credibility modeling. Similarly, PATCH [267] presented a
plug-in framework that incorporates masked autoencoders for data recovery, a feature pair ranking module to optimize
imputation strategies, and a time-insensitive alignment mechanism to synchronize heterogeneous data streams. In
the industrial automation domain, Altinses et al. [5] leveraged fuzzy regularization to handle CMP. Yang et al. [296]
addressed the absence of supervision in zero-shot multimodal and multilingual natural language generation. By aligning
unpaired data in a shared latent space, they reconstructed target outputs without direct supervision. Together, these
methods illustrate diverse strategies for post-hoc correction and enhance model resilience through the recovery of
degraded or absent modality signals.

In summary, post-hoc correction methods provide a flexible and computationally efficient layer of robustness, particularly
beneficial when upstream components fail to fully account for corruption effects. However, their effectiveness depends
heavily on the accuracy of the error detection mechanisms and the redundancy across modalities. Moreover, while
post-hoc methods may successfully mitigate mild to moderate corruption, they may be insufficient under conditions of

severe multimodal degradation, emphasizing the need for their integration with upstream robust modeling techniques.

5.5 Summary

This section has surveyed the diverse strategies employed to enhance the robustness of multimodal systems under
data corruption. Collectively, these approaches provide a multi-tiered defense against both localized and systemic
corruptions commonly encountered in real-world multimodal applications. Data preprocessing methods such as
denoising autoencoders [94, 287] improve data quality during the initial stage of processing pipeline. These methods are
effective for structured, modality-localized noise and are especially beneficial in low-resource or high-noise environments.
However, while not commonly used these days, they often struggle to generalize to complex or semantic corruptions
that are harder to localize. Architectural strategies incorporate noise-awareness directly into the architecture through
dynamic gating, uncertainty modeling, and confidence-guided fusion [73, 175, 198]. These methods demonstrate strong
performance in critical domains such as medical imaging [342] and autonomous driving [283], where runtime resilience
is essential. Nonetheless, they introduce higher architectural complexity and require accurate noise modeling which

remains a key challenge particularly in multimodal scenarios with asynchronous or unbalanced signals. Training-time
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approaches build robustness proactively by simulating noisy environments through augmentation or adversarial
perturbations. Corruption-based augmentation has been shown to improve generalization across modalities [1, 111],
while adversarial training strategies [19, 347] enhance robustness under worst-case scenarios. However, such methods
demand careful corruption design to avoid overfitting and may incur significant computational cost during training.
Lastly, Post-hoc correction techniques, such as error detection and recovery mechanisms [70, 134, 267], operate
downstream to detect and mitigate the influence of corrupted modalities. These are lightweight and adaptable to
runtime systems, but their success is contingent on redundancy among modalities and the precision of error detection
modules. In combination, these strategies form a layered robustness framework that addresses different stages of the
multimodal pipeline. Meanwhile, effective systems often integrate these methods across different architectural layers to
balance robustness, efficiency, and scalability. Despite these advances, several open challenges remain. For instance, the
lack of standardized benchmarks for multimodal corruption [23, 318] hinders consistent evaluation across tasks and
domains.

Lastly, several datasets have been developed to evaluate multimodal robustness under corruption and noise. Datasets
such as ImageNet-C [83], COCO-C [189], and PASCAL-C [189] introduce systematic perturbations to assess model
stability against visual degradation. These resources, summarized in Table 5b, enable consistent assessment of corruption-

aware multimodal networks.

6 Challenges & Future Research

In this section, we synthesize the research gaps and outline concrete, evidence-based future directions.

6.1 Efficiency, Scalability, and Generalization:

Despite a proliferation of task-specific models, current methods lack generalization due to diverse modality configura-
tions in different application areas. In addition, while effective, hybrid models such as DCFMNet [292], often suffer
from computational bloat. For instance, AMM-Diff [115] and OPTIMUS [50] report performance improvements but
entail a fourfold increase in training cost compared to standard encoders. Future work should focus on exploring
parameter-efficient architectures, such as modular transformers with dynamic routing, that can activate only relevant
sub-modules depending on modality availability. Similarly, as proposed in LMIM [303], cross-domain pretraining
on heterogeneous multimodal datasets could improve transferability. Finally, benchmarking models under varying

computational cost would provide clearer cost-benefit trade-offs.

6.2 Modality Drift and Misalignment:

Han et al. [78] and Zhang et al. [325] are examples of alignment-based models that show performance deterioration
when modalities are asynchronous or semantically divergent. Similarly, many architectures such as M3Care [317]
struggle under temporal drift, where the statistical relationships or synchronization among modalities change over time.
Future studies can investigate these challenges and propose novel methods that integrate causal modeling or temporal
attention mechanisms by dynamically realigning modalities as explored by SuMi [73]. Similarly, interested researchers
can investigate meta-learning strategies that can adapt alignment functions dynamically under the contextual shifts in

semantic meaning.
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6.3 Adversarial Robustness:

While adversarial robustness has been addressed in contrastive learning frameworks including CleanCLIP [19] and
AdvCLIP [347], it is often confined to vision-language pairs and fail under open-set corruptions or cross-modal
perturbations. Zhang et al. [318] show that large multimodal models lose up to 25-40% accuracy in case of corruptions
in textual and visual input. Future research towards adversarial robustness should investigate cross-modal perturbation
augmentation strategies, where noise in one modality affects alignment in another, to simulate real-world sensor
malfunctions. Meanwhile, development of open-set corruption detectors and robust pretraining objectives also remains

as a key challenge [75].

6.4 Standardized Benchmarks and Taxonomies:

Many studies use custom or synthetic corruption setups, making cross-comparison difficult. While recent work such as
Beemelmanns et al. [23], Zhang et al. [318], Dong et al. [55], and Yu et al. [309] take steps toward benchmark unification,
the field still lacks holistic standards for missing and corrupted modalities across different domain areas. In addition, a
critical challenge towards robust multimodal architecture remains due to unavailability of standardized taxonomy of

corruption types, model-agnostic evaluation metrics, and challenge datasets.

6.5 Interpretability and Explainability:

Despite exceptional success across multiple application areas such as Cross-modal Information Retrieval [278], Multi-
modal Emotion Recognition [40], Sentiment Analysis [304], and Genere Classification [176], interpretability of existing
robustness strategies is still rudimentary. This remains as a key challenge as most models offer no transparency into

why a modality is ignored [266], compensated for [291], or hallucinated [15].

6.6 Dynamic Modality Estimation:

While some modalities become more informative under specific environmental or task conditions (e.g., thermal sensing at
night vs. RGB during daylight), most multimodal architectures treat all modalities uniformly. This often leads to degraded
performance when some modalities are unreliable. Although recent works such as AV-RelScore [86] have introduced
confidence scoring to weigh modalities, such strategies remain largely application-specific and lack generalizability
across diverse domains. A promising direction is to develop model- and task-agnostic reliability estimators that can

predict both modality-level contributions and resource costs.

7 Conclusion

In this survey, we provided a comprehensive overview of multimodal learning with a focus on three fundamental and
critical aspects: general architectural design, performance deterioration under missing modalities, and robustness to
corrupted modalities. We review state-of-the-art methods, highlight the key application areas, and outline the recent
advances in addressing these challenges. Furthermore, we present the open issues, benchmark datasets and future
directions to enhance robustness to compromised modalities. In essence, this survey serves as a valuable resource for

researchers aiming to deepen their understanding and strengthen the robustness of multimodal learning.
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