
IMT School for Advanced Studies, Lucca
Lucca, Italy

Beyond the Ideal: Multimodal Learning with Imperfect
Data Conditions

PhD Program in Systems Science

Track in Software Quality

XXXVIII Cycle

By

Muhammad Irzam Liaqat

2026

mailto:irzam.liaqat@imtlucca.it




The dissertation of Muhammad Irzam Liaqat is approved.

PhD Program Coordinator: Prof. Mirco Tribastone, IMT School for

Advanced Studies Lucca

Advisor: Gabriele Costa, IMT School for Advanced Studies Lucca

Co-Advisor: Fabio Pinelli, IMT School for Advanced Studies Lucca

The dissertation of Muhammad Irzam Liaqat has been reviewed by:

Prof. Sunil Vadera, University of Salford, Manchester, England

Dr. Usman Naseem, Macquarie University, Sydney, Australia

IMT School for Advanced Studies Lucca

2026









Contents

List of Figures x

List of Tables xiv

Acknowledgements xviii

Vita and Publications xix

Abstract xxi

1 Introduction 1

1.1 Background and motivation . . . . . . . . . . . . . . . . . . 3

1.2 Major Contributions . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . 5

2 Related Work 7

2.0.1 Literature Search and Filtering Strategy . . . . . . . 8

2.1 Multimodal Learning . . . . . . . . . . . . . . . . . . . . . . 9

2.1.1 Traditional Multimodal Learning . . . . . . . . . . . 10

2.1.2 Multimodal Learning in the Era of Transformers . . 11

2.1.3 Benchmark Datasets . . . . . . . . . . . . . . . . . . 13

2.1.4 Key Findings . . . . . . . . . . . . . . . . . . . . . . 15

2.2 Dissecting Multimodal Learning Under Missing Modalities 15

2.2.1 Missing Modality Taxonomy . . . . . . . . . . . . . 16

2.2.2 Reconstruction Approaches . . . . . . . . . . . . . . 16

2.2.3 Architectural Approaches . . . . . . . . . . . . . . . 20

vii



2.2.4 Hybrid Approaches . . . . . . . . . . . . . . . . . . 26

2.2.5 Benchmark Datasets . . . . . . . . . . . . . . . . . . 28

2.2.6 Key Findings . . . . . . . . . . . . . . . . . . . . . . 28

2.3 Dissecting Multimodal Learning Under Corrupted Modalities 30

2.3.1 Data Processing Methods . . . . . . . . . . . . . . . 31

2.3.2 Architectural Methods . . . . . . . . . . . . . . . . . 32

2.3.3 Training Strategies . . . . . . . . . . . . . . . . . . . 37

2.3.4 Post-hoc Methods . . . . . . . . . . . . . . . . . . . . 40

2.3.5 Benchmark Datasets . . . . . . . . . . . . . . . . . . 42

2.3.6 Key Findings . . . . . . . . . . . . . . . . . . . . . . 42

2.4 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . 44

3 Unraveling Multimodal Systems: Presenting Chameleon for
Missing Modalities 45

3.1 Rendering Non-visual Modalities into Images . . . . . . . 48

3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2.1 Problem Formulation . . . . . . . . . . . . . . . . . 49

3.2.2 Encoding Scheme . . . . . . . . . . . . . . . . . . . . 50

3.2.3 Modality Passing and Joint Training Strategy . . . . 51

3.2.4 Robustness to Missing Modalities . . . . . . . . . . 53

3.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.3.1 Evaluations Under Modality-complete Setting . . . 54

3.3.2 Evaluations Under Modality-missing Setting . . . . 55

3.3.3 Analysis and Discussion . . . . . . . . . . . . . . . . 58

3.4 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . 64

4 RobustA: Multimodal Robustness Under Corrupted Modalities 66

4.1 Weakly Supervised Video Anomaly Detection and Multi-

modality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.1.1 Addressing Compromised Modalities . . . . . . . . 69

4.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4.2.1 Background and Overview . . . . . . . . . . . . . . 71

4.2.2 Preliminaries . . . . . . . . . . . . . . . . . . . . . . 72

4.2.3 Learning a Shared Representation Space . . . . . . 72

4.2.4 Dynamic Weighting During Inference . . . . . . . . 73

viii



4.2.5 Modality Corruptions . . . . . . . . . . . . . . . . . 75

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.3.1 Implementation Details . . . . . . . . . . . . . . . . 77

4.3.2 Experimental Results . . . . . . . . . . . . . . . . . . 78

4.4 Analysis and Discussion . . . . . . . . . . . . . . . . . . . . 81

4.4.1 Importance of Dynamic Weighting . . . . . . . . . . 81

4.4.2 Is Our Approach Plug-and-Play? . . . . . . . . . . . 82

4.4.3 Does Multimodal Robustness Translate to Better

Zero-shot Performance . . . . . . . . . . . . . . . . . 82

4.4.4 Is Linear Projection Necessary? . . . . . . . . . . . . 83

4.4.5 Qualitative Results . . . . . . . . . . . . . . . . . . . 84

4.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . 84

5 Key Insights and Future Work 86

5.1 Analysis and Key Insights . . . . . . . . . . . . . . . . . . . 86

5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.3 Challenges & Future Research . . . . . . . . . . . . . . . . . 90

Conclusion 93

ix



List of Figures

1 Overview of multimodal representation learning under

imperfect data conditions. (a) Unimodal learning using a

single modality. (b) Standard multimodal learning with

complete modality inputs. (c) Multimodal learning with

missing modalities, where one or more inputs are unavail-

able at inference time. (d) Multimodal learning under cor-

rupted modalities, where inputs are present but degraded

in quality. This thesis focuses on developing robust multi-

modal methods that can operate reliably across scenarios

(b), (c) and (d), bridging the gap between idealised multi-

modal settings and real-world conditions. . . . . . . . . . . 2

2 Taxonomy of the existing works addressing MML with MMP 16

3 Taxonomy of the existing works addressing multimodal

learning (MML) with corrupted modality problem (CMP) . 31

x



4 Comparison of Chameleonwith ViLT [210] & Ma et al. [271]

on UPMC Food-101 dataset. Chameleon demonstrates bet-

ter multimodal and unimodal performances and retains

significantly superior performance when textual modality

is missing at test time. While transformer-based methods

such as Ma et al. achieve competitive performance under

complete modality settings, they exhibit greater sensitivity

to missing modalities. In contrast, Chameleon maintains

more stable performance across varying levels of modality

availability, including strong unimodal performance when

evaluated with image-only inputs . . . . . . . . . . . . . . 47

5 Architecture of Chameleon. (a) Multimodal input consists

of images and texts. (b) Embeddings of texts are encoded

as images. (c) Visual and encoded text inputs are arbitrarily

input to a weight-sharing visual network in a mini batch.

Note that the figure represents the case of textual-visual

modality pair. In the case of audio-visual pair, the same

encoding is applied to the audio embedding. . . . . . . . . 49

6 (a) Orginal image. (b) Unimodal (image only) training and

testing. (c) Multimodal training, unimodal testing (image

only), i.e., 100% text missing. As seen, in unimodal image-

only training (b), the model focuses on distinct features of

the object. When the text modality (c) is missing during

testing, the model focuses on the available modality to

make correct final predictions demonstrating the success

of our approach in training the multimodal system robust

to missing modalities. . . . . . . . . . . . . . . . . . . . . . 52

7 Comparison of Chameleonwith FOP [275], and SBNet [353]

on audio-visual dataset (e.g., VoxCeleb) under different lev-

els of missing modality at test time. . . . . . . . . . . . . . . 59

xi



8 Comparison of Chameleon with SMIL [219], Autoencoder

(AE) [133], and Generative Adversarial Network (GAN)

on avMNIST; an audio-visual dataset. (Left) training with

100% Image + n% Audio and testing with Image Only.

(Right) training with 100% Image + 20% Audio and testing

with Image + Audio. . . . . . . . . . . . . . . . . . . . . . . 60

9 Comparisons of Chameleon with ViLT [210] and Ma et al.

[271] on various levels of missing textual modality during

testing on textual-visual datasets (e.g., UPMC Food-101

and Hateful Memes). A smaller drop in performance by

our approach in most cases signifies its effectiveness to-

wards training multimodal Transformer resilient to missing

modalities without dataset-centric fusion strategies. . . . . 60

10 t-SNE visualizations of the embedding space of Chameleon

(a - c) and ViLT (d - f) along with accuracy on test set

of UPMC Food-101. Compared to ViLT, Chameleon not

only enhances the classification boundaries when complete

modalities are available at test time but also retains these

boundaries when the textual or visual modality is com-

pletely missing during test time. Note that classes are se-

lected randomly from the test set. . . . . . . . . . . . . . . 65

11 Existing multimodal anomaly detection approaches [180],

[237], [426] are not robust when subjected to corruptions

in either modality, including vision (e.g., fog and motion

blur) or audio (e.g., babble). . . . . . . . . . . . . . . . . . . 67

xii



12 Architecture of our approach. Modality-specific features

are extracted using pre-trained audio and visual encoders.

A linear projection is used to match the feature dimensions.

Modality embeddings are independently mapped to learn

representations in a shared space. During inference, the

shared learning space helps mitigate the adverse effects

of modality corruptions. Moreover, a dynamic weighting

scheme is utilized to adjust the weights of the corrupted

modality for better anomaly detection. . . . . . . . . . . . . 71

13 Examples of a few visual and audio corruptions demon-

strating the challenging scenarios presented in our pro-

posed benchmark. . . . . . . . . . . . . . . . . . . . . . . . 75

14 Comparison of weighting schemes (average and dynamic)

with baseline concatenation approach [180] on two visual

and one audio corruption. . . . . . . . . . . . . . . . . . . . 79

15 Qualitative results of RobustA and the baseline on three

videos taken from XD-Violence dataset. Blue represents

baseline anomaly scores whereas green represents RobustA

results. Dotter represents clean test samples whereas solid

highlights corruption cases. As seen, our approach gen-

erally outputs comparable anomaly scores for clean and

corruption cases. The baseline, while generating compet-

itive anomaly scores for clean samples, demonstrates de-

teriorated performance when the input is corrupted. Red

shaded area represents anomaly ground truth. . . . . . . . 84

xiii



List of Tables

1 Search and filtering strategy with number of screened stud-

ies at each stage. C: Number of Corruption Studies M:

Missing Studies . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Studies leveraging multimodal learning across the five tech-

nical challenges defined by [101]. . . . . . . . . . . . . . . . 12

3 Existing benchmark datasets for MML. Modalities: Audio

(A), Video (V), Image (I), and Text (T). . . . . . . . . . . . . 14

4 Summary of Generative methods for Missing Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

5 Summary of Alignment methods for Missing Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

6 Summary of Modular design methods for Missing Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

7 Summary of Selective fusion methods for Missing Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

8 Summary of Co-learning methods for Missing Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

9 Summary of Distillation methods for Missing Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

10 Summary of Attention-based methods for Missing Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

11 Summary of Prompt learning methods for Missing Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

12 Summary of Hybrid methods for Missing Modality Problem 27

xiv



13 Existing benchmark datasets for MML for MMP. Modalities:

Audio (A), Video (V), Image (I), and Text (T). †One or more

modalities are synthetically dropped or naturally absent in

derived splits. . . . . . . . . . . . . . . . . . . . . . . . . . . 29

14 Summary of Denoising methods for Corrupted Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

15 Summary of Noise-Aware methods for Corrupted Modality

Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

16 Summary of Confidence estimation methods for Corrupted

Modality Problem . . . . . . . . . . . . . . . . . . . . . . . . 35

17 Summary of Robust fusion methods for Corrupted Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

18 Summary of Augmentation-based methods for Corrupted

Modality Problem . . . . . . . . . . . . . . . . . . . . . . . . 38

19 Summary of Adversarial training methods for Corrupted

Modality Problem . . . . . . . . . . . . . . . . . . . . . . . . 39

20 Summary of Error detection methods for Corrupted Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

21 Summary of Recovery based methods for Corrupted Modal-

ity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

22 Existing benchmark datasets for MML for CMP. Modalities:

Audio (A), Video (V), Text (T), and Image (I). Corruption

(C): Noise (N), Perturbations (P), Rephrasing (R), and Vari-

ance (V). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

23 Statistics of the datasets used in our experiments. . . . . . 54

24 Comparison of Chameleon with SOTA multimodal meth-

ods on textual-visual (e.g., UPMC Food-101, Hateful Memes,

MM-IMDb, Ferramenta) and audio-visual (e.g., avMNIST

and VoxCeleb) datasets using modality-complete data. Best

results are bold; second best are underlined. . . . . . . . . . 55

xv



25 Comparison of Chameleon with different levels of avail-

able modality at test time using textual and visual datasets

(e.g., UPMC-Food-101, Hateful Memes, MM-IMDb, and

Ferramenta). Comparison is provided with multimodal

Transformers (ViLT [210]∗, Ma et al. [271], and CLIPPO[357]).
∗ViLT values are taken from Ma et al. [271]. Boldface and

underline denote, respectively, the best and second-best

results. † indicates our implementation. . . . . . . . . . . . 56

26 Comparison of Chameleonwith ViLT [210]∗, Lee et al. [334],

and CLIPPO [357] on UPMC Food-101 [59], Hateful Memes [165],

and MM-IMDb [79] under different missing modality set-

tings during training and testing. ∗ViLT values are taken

from Lee et al. [334]. Boldface and underline denote, re-

spectively, the best and second best results. † indicates our

implementation. . . . . . . . . . . . . . . . . . . . . . . . . 58

27 Performance analysis of Chameleon with various visual

networks using UPMC-Food-101, and Hateful Memes datasets.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

28 Cross-modal verification results on unseen-unheard config-

urations of Chameleon and existing state-of-the-art meth-

ods. Best results are highlighted in bold text whereas the

second best are underlined. . . . . . . . . . . . . . . . . . . 61

29 Comparison of different embeddings to encode textual

modality under different levels of missing modality at test

time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

30 Comparison of word- and sentence-level embeddings us-

ing UPMC-Food-101, and Hateful Memes datasets. . . . . 63

31 Comparison of our approach and baseline under various

corruption types and corruption levels (percentages). AP(%)

is used as the evaluation metric (higher is better). Bold rep-

resents best performance in each comparison. . . . . . . . . 76

xvi



32 Comparison of baseline vs. proposed when one modality

is completely missing and the other is corrupted. Higher

accuracy is better. . . . . . . . . . . . . . . . . . . . . . . . . 80

33 Plug-and-play performance of our approach for mixed au-

dio and visual distortions at 0% and 100% levels of corrup-

tion on multiple baselines including XDVioDet, HyperVD,

and RTFM. Bold: best performance. . . . . . . . . . . . . . 81

34 AUC comparison on the test set of UCF-Crime dataset

under zero-shot setting where the models are trained on

XD-voilence dataset. Our approach demonstrates better

zero-shot generalization, highlighting the importance of

our proposed shared space representation learning. As

seen, our approach also outperforms the existing unsuper-

vised approaches trained and tested on UCF-crime [122]. . 83

35 Importance of linear projection compared to padding and

concatenation (baseline) under different levels (0% to 100%)

of an arbitrarily selected corruption case (pitch shift) for

conciseness. . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

xvii



Acknowledgements

For the family who believed in me

To Shumaiza, Shanfa, Shaiza, Hazam, and my beautiful parents — you never
asked me to explain what I was working on, yet never stopped believing in
me. You gave me the kind of support that does not need words. You managed
to love someone who was perpetually “almost done,” who missed weddings,
birthdays, a handful of other holidays, and who communicated primarily
through the medium of “sorry, I have a deadline.” I love you all so much and
owe you years. This dissertation is, in no small part, yours.

For the friends who kept me going

To God’s strongest soldiers1 — my people, my friends, and my sweetest
companions in this long, strange journey. You showed up when it mattered
most: you sat with me in the doubt, shared your food and drinks, and refused,
stubbornly and repeatedly, to let me give up. I thank you for surviving the
“I don’t want to do this anymore” spirals, the “That’s what she said” puns,
and for keeping me fed when I forgot that was something I needed to do. You
were also, it must be said, an impeccable source of gossip — the freshest tea,
delivered at exactly the right moment.2 You know who you are. I love you
more everyday and every chapter of this thesis carries your warmth, your
stubbornness, and your refusal to let me be dramatic alone.

A scholarly tribute

An acknowledgment is owed to whoever first invented coffee. That decision
has done more for academic output than any funding body in history. I am
grateful. Deeply, chronically, irreversibly GRATEFUL.

AI, Publications and co-authors

Minor post-processing of parts of this thesis (limited to language refinement
and formatting) was assisted by AI-based tools. The material incorporated
from my co-authored works is included with the full consent of all co-authors
and in accordance with the publishing policies of the respective venues;
detailed acknowledgments of those contributions appear in the respective
chapters. Briefly: portions of this thesis draw from Chameleon: A Multimodal
Learning Framework Robust to Missing Modalities; from RobustA: Robust Anomaly
Detection in Multimodal Data; and from Multimodal Learning Under Imperfect
Data Conditions: A Survey. To every collaborator named in those works: thank
you — for the ideas, the patience, and the late-night review rounds.

1Alice, Andrea, Angy, Ci, Domi, Fede, Gabri, Gio, GP, Hamza, Ju, Lala, Laeeq, Ludo,
Ludo, Mala, Marianos, Miyase, Moli, Nigar, Qaiser, Ravi, Rici, Saugy, Talha, and et al.

2The author wishes to clarify that all tea consumed was strictly off the record.

xviii



Vita

2024 PhD - Visiting Researcher - 03 months

Mohamed Bin Zayed University, UAE

2024 PhD - Visiting Researcher - 06 months

Johannes Kepler University, Austria

2022 - 2026 PhD in Systems Science

IMT School of Advance Studies Lucca, Italy

2019 - 2021 M.Sc. in Computer Science

University of Engineering and Technology, Pakistan

2015 - 2019 B.S. in Computer Science

University of the Punjab, Jhelum Campus, Pakistan

xix



Publications

1. Moscati, M., Abdullah, A., Saeed, M. S., Nawaz, S., Das, R. K., Zaheer, M. Z.,
Liaqat, M. I., & Schedl, M. (2025). “Face-voice Association in Multilingual
Environments (FAME) 2026 Challenge Evaluation Plan.” Proceedings of the
32nd ACM International Conference on Multimedia.

2. Hannan, A., Manzoor, M. A., Nawaz, S., Liaqat, M. I., Schedl, M., & Noman,
M. (2025). “PAEFF: Precise Alignment and Enhanced Gated Feature Fusion
for Face-Voice Association.” Interspeech.

3. Liaqat, M. I., Nawaz, S., Zaheer, M. Z., Saeed, M. S., Sajjad, H., De Schepper,
T., ... & Schedl, M. (2025). “Chameleon: A Multimodal Learning Framework
Robust to Missing Modalities.” International Journal of Multimedia Information
Retrieval, 14(2), 21.

Submitted Works:

1. AlMarri, S., Liaqat, M. I., Zaheer, M. Z., Nawaz, S., Nandakumar, K., &
Schedl, M. “RobustA: Robust Anomaly Detection in Multimodal Data.”
https://arxiv.org/abs/2511.07276 Submitted to IEEE Transactions
in Image Processing.

2. Liaqat, M. I., Abbas, Q., Nawaz, S., Zaheer, Z., Moscati, M., Hou, Y., Khan,
M. H., Khan, S., Andre, E., & Schedl, M. “Multimodal Learning Under Im-
perfect Data Conditions: A Survey. 10.36227/techrxiv.176410566.
65375877/v1 Submitted to ACM Computing Surveys.

3. Abbas, Q., Liaqat, M. I., Qayum, S., & Hina, S. “Rethinking Architectural
Complexity in Deep Vision Models for Computational Histopathology.”
Submitted to Visual Computing.

4. Abbas, Q., Khan, F., Liaqat, M. I., Khan, M. L., & Sajjad, H. “From Inductive
Priors to Learned Attention: A Comprehensive Evaluation of Deep Learn-
ing Architectures for Remote Sensing Image Classification.” Submitted to
Remote Sensing.

xx

https://arxiv.org/abs/2511.07276
10.36227/techrxiv.176410566.65375877/v1
10.36227/techrxiv.176410566.65375877/v1


Abstract

Multimodal learning combines heterogeneous data sources

such as vision, audio, and text to improve perception and

decision-making. Despite its empirical success, this thesis ar-

gues that multimodal learning is not inherently robust: most

existing approaches assume the availability and reliability of

all modalities, leading to significant performance degradation

when modalities are missing or corrupted. Our work investi-

gates how robustness in multimodal learning can be explicitly

modeled and enforced under imperfect data conditions. It

addresses three interconnected aspects: architectural design

for modality integration, learning with missing modalities,

and robustness to corrupted modalities. The contributions

include unified taxonomies that reveal structural limitations

of existing methods, a modality-agnostic learning framework

that enables reliable inference under missing modalities, and

principled benchmarks and models for evaluating and im-

proving robustness under modality corruption. Overall, our

work demonstrates that robustness in multimodal learning

must be deliberately designed rather than assumed, and pro-

vides foundations for building reliable multimodal systems in

real-world environments.

xxi



Chapter 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 un-

derstand and interact with the world [466]. While traditional unimodal

methods are designed for individual independent modalities, MML has

emerged to model and learn from heterogeneous data streams, notably

enhancing performance across tasks [398]. Existing MML models have

demonstrated remarkable success in domains ranging from medical imag-

ing [396] and emotion recognition [424] to autonomous vehicles [382].

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 [398]. More critically,

real-world MML rarely operates under ideal conditions where all modal-

ities 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 [434]. This motivates us

to focus on three interconnected challenges that are essential for deploy-

1
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Figure 1: Overview of multimodal representation learning under imperfect
data conditions. (a) Unimodal learning using a single modality. (b) Standard
multimodal learning with complete modality inputs. (c) Multimodal learn-
ing with missing modalities, where one or more inputs are unavailable at
inference time. (d) Multimodal learning under corrupted modalities, where
inputs are present but degraded in quality. This thesis focuses on developing
robust multimodal methods that can operate reliably across scenarios (b),
(c) and (d), bridging the gap between idealised multimodal settings and
real-world conditions.

ing 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. Sec-

ond, 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.

2



1.1 Background and motivation

Architectural design for modality integration. A fundamental challenge

lies in designing multimodal architectures that can effectively learn repre-

sentations across multiple data types [466]. 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 [265]. Multimodal networks must

therefore handle heterogeneous data characteristics, including different

temporal and spatial resolutions, while maintaining semantic coherence

across modalities. This requires innovative attention 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, MML may fail when one or more modalities are missing during

inference [415]. This missing data may arise from sensor failure or incom-

plete data pipelines. Consequently, real-world data frequently contain

missing modalities, and this vulnerability can lead to deteriorated perfor-

mance. 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 [391], modality

dropout training [270], [404], and conditional learning to improve model

flexibility [320].

Robustness to corrupted modalities. Beyond simply missing modalities,

a more realistic yet often overlooked challenge is handling corrupted

modality problem (CMP) [423]. 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 [328]. Unlike completely missing
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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.

In principle, these challenges are interconnected, for instance, architec-

tural design choices directly influence how networks respond to missing

data [338]. Meanwhile, strategies for handling missing data often rely on

assumptions about the quality of the remaining modalities [259]. Con-

versely, corrupted modalities can mimic missing data, blurring the line

between the two [440].

1.2 Major Contributions

To this end, this thesis addresses three core technical challenges in mul-

timodal learning, exploring innovative methods for model design and

evaluating proposed architectures under missing and corrupted data

conditions. Our key contributions include:

1. Unified Survey and Taxonomies for Multimodal Learning Under

Imperfect Conditions: We present a comprehensive survey that

consolidates the traditionally separate viewpoints of multimodal ar-

chitectural design, missing modality learning, and corrupted modal-

ity robustness into a single, unified framework. We introduce clear

taxonomies that organize methods across these three interconnected

dimensions, and synthesize benchmark datasets, application do-

mains, and methodological gaps.

Why it matters: Researchers and practitioners lack a single reference

that spans all three dimensions; this survey fills that gap and accelerates

informed method selection and benchmark comparison.

2. Chameleon: A Unified Learning Framework for Robust Multi-

modal Representation Under Missing Modalities: We introduce

Chameleon, a multimodal learning framework comprising (a) a

modality-agnostic shared representation space; (b) a modular en-

coder architecture that maintains independence across modalities;
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and (c) an adaptive routing and fusion mechanism that dynamically

restructures the forward pathway under missing inputs. Exten-

sive evaluation across diverse benchmarks demonstrates consistent

performance gains over existing baselines.

Why it matters: Real-world deployments rarely guarantee complete modal-

ity inputs; Chameleon provides a principled and deployable solution that

remains stable under severely degraded conditions.

3. RobustA Benchmark and Resilient Anomaly Detection: We in-

troduce RobustA, the first comprehensive benchmark, to the best

of our knowledge, for evaluating multimodal anomaly detection

under modality corruptions, covering 8 visual and 8 audio corrup-

tion types at varying severity levels. We further propose a novel

detection approach that learns a shared representation space and

dynamically reweighs modality contributions based on estimated

corruption levels during inference.

Why it matters: No prior benchmark systematically assessed multimodal

anomaly detection under corruption; RobustA establishes the first rigor-

ous foundation for both evaluation and future method development in this

setting.

By addressing these challenges in a systematic manner, this thesis

provides a unified perspective on robust multimodal learning, bridging

model design, missing modality handling, and corruption robustness.

It serves as a practical and methodological foundation for developing

multimodal systems that remain reliable under the imperfect and dynamic

conditions encountered in real-world deployments.

1.3 Thesis Organization

The remaining work is organized into the following chapters, each ad-

dressing a core aspect of multimodal learning under imperfect data con-

ditions.
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• Chapter 2 presents a comprehensive review of related literature.

The chapter examines the evolution of multimodal learning from

traditional architectures to transformer-based approaches, surveys

benchmark datasets, and provides a synthesis of key insights. It

further dissects multimodal learning under missing modalities and

introduces the proposed taxonomy, reviewing reconstruction-based,

architectural, and hybrid approaches. Finally, it reviews multimodal

robustness under corrupted modalities, covering preprocessing,

architectural, training, post-hoc methods, and associated datasets.

• Chapter 3 introduces Chameleon, the proposed multimodal learn-

ing framework designed to operate under missing modalities. The

chapter presents the framework through a unified representation

of non-visual modalities as images and outlines the problem for-

mulation and architectural components. A thorough experimental

evaluation is provided under both modality-complete and modality-

missing settings, followed by a discussion of results and insights.

• Chapter 4 presents RobustA, a systematic study of multimodal

robustness under corrupted modalities, with a particular focus on

weakly supervised video anomaly detection. It introduces our pro-

posed methodology for learning a shared representation space and

dynamically reweighting modalities during inference. Furthermore,

it describes the corruption types considered, outlines implementa-

tion details, and reports extensive experimental results.

• Chapter 5 consolidates insights from the previous chapters and dis-

cusses broader challenges in developing robust multimodal systems.

It highlights limitations and open research questions while outlining

promising directions for future work.

• Finally, We conclude the thesis by summarizing the major contri-

butions and reflecting on their implications for the design of real-

world multimodal systems capable of operating under missing or

corrupted data conditions.
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Chapter 2

Related Work

The goal of MML is to leverage information across multiple modalities to

improve the performance of various tasks such as recognition, retrieval,

and verification [145], [159]. While modalities often provide complemen-

tary information, they may also be contradictory (e.g., under corrupted

or adversarial conditions) or redundant [271]. In this context, MML

aims to define methods that can understand diverse and heterogeneous

modalities and representations. 1 These modality representations, when

combined, are called multimodal representations. However, this integra-

tion involves several challenges such as addressing the heterogeneity of

complex modalities, and, most critically, dealing with scenarios involving

imperfect modalities. Therefore, defining a strategy for the integration

of modalities into a multimodal representation is a crucial step towards

a robust multimodal system. Machine learning methods rely heavily on

effective feature representations to achieve better performance. As noted

by Bengio et al. [23], compact feature representations should possess qual-

ities such as sparsity, smoothness, natural clustering, and spatio-temporal

coherence. Additionally, Sarivastava et al. [20] emphasize that effective

The contents of this chapter are taken from our work ”Multimodal Learning Under
Imperfect Data Conditions: A Survey”, available at https://www.techrxiv.org/doi/
full/10.36227/techrxiv.176410566.65375877

1Following the guidelines of [23], in this work, we interchangeably use the words repre-
sentation, feature and embedding, all defining a tensor or a vector in order to represent an
entity from image, text, audio or other modalities.
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feature representations should associate instances in the same latent space

with identical concepts, enable easy extraction of features even when

some modalities are missing, and allow for the reconstruction of missing

modalities based on the available ones. Feature extraction for individual

independent modalities have been studied extensively in the past, how-

ever, recent years have seen a surge from hand-crafted features to feature

encoding with deep neural networks [50]. In the early 2000s, traditional

methods such as Scale-Invariant Feature Transform (SIFT) were popular

for image representation [7]. However, the focus has since shifted towards

Convolutional Neural Networks (CNNs) [90]. Similarly, in acoustic fea-

ture extraction, mel-frequency cepstral coefficients (MFCC) have been

largely replaced by deep neural networks and recurrent neural networks

for capturing acoustic and paralinguistic representations [17], [71]. In nat-

ural language processing, static word embeddings [29] have been largely

superseded by large pre-trained contextualized models (such as BERT and

GPT [350]), which provide richer semantic and syntactic representations.

2.0.1 Literature Search and Filtering Strategy

To construct a comprehensive related work, we designed a multi-stage

search and filtering pipeline across widely used academic databases, in-

cluding 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 incomplete-

ness and 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 miss-

ing or corrupted modalities in MML or inference pipelines. Secondary

filters were applied to remove duplicates (common across IEEE, CVF,
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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. Table 1 outlines the details

of filtering at each stage. 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 2.

This distribution highlights both the technical grounding of robustness

research in engineering venues and the growing interdisciplinary inter-

est in incomplete MML across computer vision, speech, and general AI

communities.

Table 1: Search and filtering strategy with number of screened studies at
each stage. C: Number of Corruption Studies M: Missing Studies

Filtering Stage C M Description
Initial keyword retrieval 1,243 1,487 Raw query results
Duplicate removal 947 1,196 Removed overlapping entries
Title/abstract screening 352 426 studies mentioning defined keywords
Full-text relevance check 164 181 Excluded unrelated studies
Final inclusion 84 135 Final Selection

2.1 Multimodal Learning

This section offers a concise overview structured around two comple-

mentary perspectives. The first follows the taxonomy of Baltrušaitis et

al. [101], which organizes corresponding research into five major chal-

lenges: Representation, Translation, Alignment, Fusion, and Co-learning.

Although well-established, these categories remain central to understand-

ing modality interaction, and we revisit them in light of recent devel-

opments. The second perspective [368] 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 perspec-

tives summarize the evolution of MML and provide the foundation for

understanding crucial MML methodologies.

2Complete list of resources available at: https://github.com/qaixerabbas/

awesome-multimodal-learning-with-imperfect-data
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2.1.1 Traditional Multimodal Learning

Representation learning concerns how features from different modali-

ties are modeled. For instance, joint representation methods aim to map

multiple modalities into a unified embedding space. Such representations

have been widely explored in multimodal classification and verification

tasks. Kernel-based methods such as multiple kernel learning have been ap-

plied in object classification, disease detection, and affect recognition [30].

Probabilistic models including dynamic Bayesian networks facilitate joint

modeling of temporal sequences [46], while deep learning-based fusion

with CNNs and RNNs has reached state-of-the-art in Visual Question An-

swering (VQA), sentiment analysis, and multimodal emotion recognition

[163], [189]. In contrast, coordinated representations maintain modality-

specific spaces and enforce consistency through cross-modal objectives.

These include contrastive learning approaches [164] and distance-based

methods [26].

Translation focuses on transforming information from one modality into

another. Translation approaches can be retrieval-based that uses one modal-

ity 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 [157]. Meanwhile, generative methods explic-

itly produce one modality from another. For instance, encoder–decoder

architectures map videos to textual descriptions [193] or generating image

captions [205], [391]. Hybrid approaches combine retrieval and generation,

balancing diversity with accuracy [203], [220]. Despite progress, trans-

lation 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 ap-

plied to VQA tasks to dynamically align visual and textual cues [190].

Explicit alignment relies either on supervision, where paired annotations
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guide the alignment [41], [42] or on unsupervised learning, which ex-

ploits co-occurrence statistics or structural constraints [106], [182]. 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 pre-

diction and robustness. Early fusion directly concatenates raw or low-level

features from different modalities before model training [5]. Late fusion

aggregates unimodal predictions, often through voting or weighted av-

eraging, which can mitigate the impact of noisy modalities [226], [383].

Hybrid fusion strategies integrate intermediate-level representations with

final predictions, offering robustness in tasks such as multimedia event

detection and emotion recognition [159], [222]. Model-assisted fusion em-

ploys more principled learning approaches: kernel-based methods capture

modality-specific similarities [30], probabilistic models handle temporal

dependencies [46], and neural architectures learn complex integration

functions across heterogeneous inputs [189].

Co-learning leverages one modality to enhance learning in another and

involves iteratively updating classifiers across modalities to improve gen-

eralization [352]. Transfer learning transfers knowledge from a well-labeled

modality to improve performance in a resource-scarce one, with applica-

tions in audio-visual recognition [388], disease classification [202], and

action recognition [365]. Conceptual grounding maps symbolic linguistic

concepts to perceptual modalities that aids semantic representation learn-

ing [87]. Zero-shot learning has also emerged as an important approach

that enables models to generalize to unseen modality combinations us-

ing shared semantic embeddings [272]. In cross-lingual transliteration,

hybrid bridging approaches use intermediate representations to facilitate

knowledge transfer [73].

2.1.2 Multimodal Learning in the Era of Transformers

Transformers have revolutionized MML by leveraging unified frame-

works for processing and integrating multiple modalities, representing
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Table 2: Studies leveraging multimodal learning across the five technical
challenges defined by [101].

Method Task Modalities References
Representation
Joint Representations
Early Fusion Emotion Recognition Audio, Image [5], [10]
Late Fusion Emotion Recognition Audio, Image [8], [16], [226], [383], [388]
Hybrid Fusion Event Detection Audio, Image [34], [74]

Emotion Recognition Audio, Image [159], [171], [220]
Kernel-Based Classification Image, Text [12], [27], [85]
Probabilistic Speech Recognition Audio, Image [11], [78]
Neural Network VQA Text, Image [14], [324]

Emotion Recognition Audio, Image [115], [189]
Coordinated Rep.
Alignment Similarity Learning Image, Text [26], [57]
Contrastive Multimodal Learning Audio, Image [164]
Translation
Retrieval-based Media Retrieval Image, Text [38], [60]

Image Captioning Image, Text [15], [47]
Generative Image Captioning Image, Text [40], [205], [391]

Visual Speech Audio, Image [21], [22]
Text Description Image, Text [24], [39]

Hybrid Image Captioning Image, Text [18], [49]
Alignment
Implicit Alignment VQA Image, Text [47], [75], [190]

Speech Segmentation Audio, Text [1], [4]
Explicit Alignment Classification Image, Text [54], [67], [154], [192], [372]

Classification Image, Text [56], [106], [182], [292]
Action Recognition Audio, Image [70]

Fusion
Model-Agnostic Emotion Recognition Audio, Image [10], [16], [383]

Event Detection Audio, Image [34]
Model-Assisted Classification Image, Text [27], [85]

Emotion Recognition Image, Text [30], [45], [238]
Speech Recognition Audio, Image [11], [46]

Co-learning
Co-training Classification Text, Image [2], [6], [168], [349]
Transfer Learning Lip Reading Audio, Image [36]

Classification Text, Image [25], [51], [66], [185]
Conceptual Grounding Word Similarity Audio, Text [48], [87]
Zero-shot Learning Classification Text, Image [25], [31], [272], [285]
Bridging Transliteration Text, Image [19], [73]

a significant shift from traditional approaches that relied on modality-

specific encoders and fusion mechanisms [368]. The success originates

from transformers’ ability to treat different modalities as sequences of to-

kens that enables uniform processing and bridging semantic gaps between

modalities, as demonstrated by models like CLIP [228] and DALL-E [229].

Modern architectures can be categorized into three Paradigms [368]:

Single-stream Architectures (e.g., UNITER [157], FLAVA [282], CLIPPO [357])
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that process all modalities through shared transformer backbones; Multi-

stream Architectures exemplified by CLIP’s dual-encoder design and ex-

tended by ALIGN [207] and Florence [243]; and Hybrid Architectures like

ALBEF [213], BLIP [266], and InstructBLIP [314] 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, pop-

ularized by CLIP [228] and extended by ALIGN [207], Chinese-CLIP

[288], and domain-specific applications in medical imaging [302] and

scientific literature [211], maximizes agreement between corresponding

multimodal pairs. Masked Modeling leverages Masked Language Modeling

(MLM) with Masked Region Modeling (MRM) as demonstrated by VinVL

[244], OSCAR [167], BEiT [194], and MAE [260]. Generative Modeling

encompasses cross-modal content generation, e.g., DALL-E [229], [273],

Flamingo [254], and GPT-4V [350]. Applications span Vision-Language

Models (e.g., BLIP-2 [335], VideoBERT [150]), Audio-Visual Models (e.g.,

AVBert [233], SpeechT5 [255], LAVISH [339], AV-HuBERT [279]), and

Multimodal Large Language Models (e.g., LLaVA [341], Video-ChatGPT

[347]), which represent the current frontier.

Moreover, modern Training Strategies include small-scale specialized mod-

els like LayoutLM [183] and CLIP-Score [203], that focus on domain-

specific tasks with computational efficiency. Similarly, Large-Scale Founda-

tion Models including CLIP [228], DALL-E2 [273], and Flamingo [254] lever-

age massive datasets for general-purpose representations with emergent

capabilities. Instruction-Tuned Models like InstructBLIP [314] and LLaVA

[341] leverage the foundational models by incorporating instruction-

following capabilities and demonstrate how instruction tuning techniques

can be effectively adapted from natural language processing to multi-

modal scenarios.

2.1.3 Benchmark Datasets

The advancement of MML has been accompanied by the emergence of

several benchmark datasets that serve as standard testbeds for evaluating
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model performance across diverse tasks and modalities. General-purpose

datasets, such as MS-COCO [42], Visual Genome [89], and LAION-5B

[276], 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 3.

Table 3: Existing benchmark datasets for MML. Modalities: Audio (A), Video
(V), Image (I), and Text (T).

Dataset A V I T Application Area
Image/Video Captioning and Retrieval
ActivityNet Captions [88] ✗ ✓ ✗ ✓ Video Understanding
COCO Captions [42] ✗ ✗ ✓ ✓ Computer Vision, Language
Flickr30K [41] ✗ ✗ ✓ ✓ Vision–Language
MS COCO [35] ✗ ✗ ✓ ✓ Object Recognition
MSR-VTT [76] ✗ ✓ ✗ ✓ Video–Language Alignment
UPMC Food-101 [59] ✗ ✗ ✓ ✓ Food Recognition
VATEX [151] ✗ ✓ ✗ ✓ Multilingual Video Captioning
WebVid-10M [193] ✗ ✓ ✗ ✓ Video–Text Pretraining
WIT [234] ✗ ✗ ✓ ✓ Multilingual Multimodal
Medical Imaging and Specialized Domains
MMIST-ccRCC [406] ✗ ✗ ✓ ✓ Medical Imaging
OBELICS [332] ✗ ✗ ✓ ✓ Document Understanding
Multimodal and Vision–Language Pretraining
CC-12M [195] ✗ ✗ ✓ ✓ Internet-scale Vision–Language
CLIP Benchmark [228] ✗ ✗ ✓ ✓ Zero-Shot Learning
Conceptual Captions [119] ✗ ✗ ✓ ✓ Vision–Language Pretraining
LAION-5B [277] ✗ ✗ ✓ ✓ Large-scale Pretraining
LAION-5B [276] ✗ ✗ ✓ ✓ Vision–Language Pretraining
UNITER eval. splits [157] ✗ ✗ ✓ ✓ Vision–Language Pretraining
Sentiment and Emotion Analysis
CMU-MOSEI [99] ✓ ✓ ✗ ✓ Affective Computing
CMU-MOSI [77] ✓ ✓ ✗ ✓ Affective Computing
Video Analysis and Audio–Visual Tasks
AVA-ActiveSpeaker [175] ✓ ✓ ✗ ✗ Video Analysis, AV Sync
HowTo100M [138] ✓ ✓ ✗ ✓ Instructional Learning
XDViolence [181] ✓ ✓ ✗ ✗ Violence Recognition
Visual Question Answering and Grounding
CLEVR [86] ✗ ✗ ✓ ✓ Reasoning
GQA [130] ✗ ✗ ✓ ✓ Scene Understanding
MultiModalQA [236] ✗ ✗ ✓ ✓ QA, Multimodal Reasoning
NLVR2 [121] ✗ ✗ ✓ ✓ Visual Reasoning
VQA 2.0 [84] ✗ ✗ ✓ ✓ Question Answering
Visual Genome [89] ✗ ✗ ✓ ✓ Scene Understanding
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2.1.4 Key Findings

MML has evolved significantly from relying on hand-crafted features like

SIFT and MFCC [7] to employing deep learning-based methods using

CNNs or RNNs [17], [29], [90]. This shift has enabled more sophisticated

multimodal representations and evolved beyond simple feature concate-

nation [382]. 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 ViLBERT [136],

[228], [368]. 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 [335],

[341]. However, the integration of modalities involves challenges such as

managing inherent heterogeneity, and most critically, addressing scenar-

ios with imperfect modalities [20]. The progression towards large-scale

foundation [228], [254] and instruction-tuned models [314] promises more

general-purpose, robust, and interpretable systems capable of reasoning

across an ever-expanding set of tasks and domains.

2.2 Dissecting Multimodal Learning Under Miss-

ing Modalities

Multimodal methods have demonstrated superior performance compared

to their unimodal counterparts. However, such methods are predomi-

nantly designed to operate under modality-complete conditions. Mean-

while, 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 infor-

mation from multiple modalities, MML exhibit substantial performance

deterioration when evaluated under missing modality scenarios. To as-

sess the robustness of MML under MMP, a number of studies have been

conducted to evaluate their performance with incomplete-modality set-

tings. In recent works, [216], [271], [334] defined benchmarks for MMP

with systematical drop of varying fractions of missing labels or modalities
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Multimodal Learning with Missing Modalities

Hybrid

ADxPro [428]
DFTD [310]
DGMRec [444]
iMMAir [431]
EBIA [470]
HN-CNN [107]
FedMobile [453]
FF-LFL [375]
MSGFN [468]
HPMT [452]
IMDR [451]
MFCPL [447]
Mi-CGA [443]
MMGACL [471]
MMT-RMM [271]
MSAmbA [465]
MT-MSA [401]
OGP-Net [459]
OPTIMUS [430]
SGM [103]
SSFD-Net [454]
TGRN [458]
TIP [384]
UGaitNet [221]

Architectural

Modular Design

AFG [133]
ActionMAE [365]
AV-Expression [172]

BTS-Missing [148]

Chameleon [450]
M3AE [342]
MBR-FV [169]
MLE-Missing [217]

MMMViT [407]
MMR-SSMS [403]
ModDrop++ [270]

mmFormer [301]
PEA [408]
ShaSpec [359]

SiBraR [386]
SMU-Net [256]
UML [464]
UniBEV [413]
URN [132]

Selective Fusion

EMMR [296]
PFN [248]
SLR-Fusion [55]
UMAEA [311]
UME-MMA [336]

Co-Learning

ACN [239]
AVER [216]
D2-Net [289]
DML [249]
LLRC [43]
LLTSL [32]
LRMM [124]
M3S [257]
MARL [331]
MissModal [338]
MRAN [345]
PMC [245]
PMCL [308]
SMIL [219]

Distillation

AMD-RS [142]
HMC-RGBD [128]
KD-MM [178]
KD-VQA [198]
LCMKD [360]
MDN-Action [105]
MH-SPL [372]
MiDl [456]
MITR-DNet [461]
ModalityMirror [432]

MSH-Net [364]
ProtoKD [363]
SBV [416]

Prompt Learning

M&TSP [436]
MIFPN [429]
MMWP [334]
MSPs [389]
PAL [467]
RAGPT [446]
SCP [455]

Attention Mechanism

AMMER [358]
ARMOUR [343]
AV-SF [326]
AVTPR [264]
CSK-Net [354]
FRAMM [412]
Gait-MMR [200]
LFCR [191]
MagNET [330]

MFI [303]
MMAN-M2 [395]
MMM-VoxCeleb [158]
MMMB [300]
MMS-AttnFusion [261]
TAG-MSA [295]
TAG-RMSA [297]

Reconstruction

Generative

3D-EDN [102]
AMM-Diff [442]
Cascaded Network [439]
CRA [94]
CSM-MFM [253]
CycAE [235]

DISCOM [186]
FCN-cGAN [206]
FGMF-DNN [251]
FMCNet [299]
FMCNet+ [418]
IF-MMIN [378]
Knowledge Bridger [441]

M2R2 [284]
MMDL [166]
MMIN [246]
MMS-RF [117]
MultiHop [404]

RA-HVED [263]
SDR-GNN [433]
SRMNet [397]
UHN [369]
UniMF [323]
UMMIS [425]

Alignment

CMPTs [457]
CMAT [351]
EMMA [315]
CMR [267]
GAT [399]
GBCCA-M2 [110]
IPD [325]

M3Care [298]
MCPD-Net [202]
MM-Align [259]

Multi-modal Fusion [377]
HOJ3D-NLM [201]
Penta-Encoder [421]
WMA [472]

Figure 2: Taxonomy of the existing works addressing MML with MMP

either during train or test stage. These studies demonstrate that existing

MML architectures experience severe performance deterioration, at times

under-performing their unimodal counterparts.

2.2.1 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 2.0.1, 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 ap-

proaches into three major categories: reconstruction, architectural and

hybrid approaches, discussed in the following.

2.2.2 Reconstruction Approaches

Reconstruction approaches aim to regenerate or estimate the missing

modality representation from the existing modalities. While these meth-

ods are inherently complex and require challenging implementation, they

rely on cross-modality interactions and relationships during training

while preserving the integrity of the original feature representations. Re-
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construction approaches can be broadly classified into generative and

alignment methods.

Generative Approaches

These methods leverage deep learning techniques, particularly Genera-

tive Adversarial Networks (GANs) and Variational Autoencoders (VAEs),

to generate the absent modality by learning the underlying joint distri-

bution of multimodal data [102], [186], [246], [299], [369], [378], [418].

By capturing the statistical dependencies among modalities, generative

methods are capable of generating semantically consistent and plausi-

ble representations of missing data [94], [117], [206], [235], [251], [253],

[323], [425]. For instance, M2R2 [284] leveraged a data imputation strat-

Table 4: Summary of Generative methods for Missing Modality Problem

Method Modalities Application Area
3D-EDN [102] Images, Genomics Alzheimer Detection
AMM-Diff [442] Multimodal MRI MRI Synthesis
Cascaded Network [439] Audio, Video, Thermal Person Classification
CRA [94] Images, Text Object Recognition
CSM-MFM [253] Multimodal MRI Tumor Segmentation
CycAE [235] Multimodal Images Alzheimer Detection
DISCOM [186] Images, Genomics Alzheimer Prediction
FCN-cGAN [206] MRI, Gene Expression Medical Imaging
FGMF-DNN [251] Multimodal MRI Tumor Segmentation
FMCNet [299] Images, Infrared Person Re-Identification
FMCNet+ [418] Images, Infrared Person Re-Identification
IF-MMIN [378] Audio, Video, Text Emotion Recognition
Knowledge Bridger [441] Video, Audio Object Detection
M2R2 [284] Audio, Video, Text Emotion Recognition
MMDL [166] Multisensor Data Traffic Data Imputation
MMIN [246] Audio, Video, Text Emotion Recognition
MMS-RF [117] Multisensor Data Context Recognition
MultiHop [404] Images, Text Recommendation System
RA-HVED [263] Multimodal MRI Tumor Segmentation
SDR-GNN [433] Video, Audio Emotion Recognition
SRMNet [397] Multimodal MRI Tumor Segmentation
UHN [369] Multimodal MRI Medical Imaging
UniMF [323] Audio, Video, Text Sentiment Analysis
UMMIS [425] Multimodal MRI Medical Imaging

egy using common representation learning (CRL) for reconstructing the

absent modality representations during inference. Similarly, Jeong et al.

[263] utilized a variational encoder-decoder architecture coupled with a

joint discriminator to enhance segmentation performance under modality-
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incomplete settings. Recent advancements further push the boundaries

of generative imputation. AMM-Diff [442] integrated a diffusion-based

generative model with an Image-Frequency Fusion Network for high-

fidelity modality reconstruction. Ke et al. [441] explored the use of large

multimodal models to generate, rank, and select the most appropriate

reconstructions for missing modalities. John et al. [439] 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 [433] reconstructed missing modalities

by aggregating spectral features through a spectral domain reasoning

graph neural network. Li et al. [166] applied stacked autoencoders for

effective modality imputation in traffic data scenarios, while Li et al. [397]

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 incomplete-

ness across diverse domains. Table 4 provides an overview of recent

studies that leverage different generative methods.

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 in-

herent characteristics [201], [202]. For instance, MM-Align [259] explored

optimal transport theory with deep learning modules to effectively align

modalities in a common latent space. M3Care [298] utilized auxiliary

information derived from present modalities to assist the alignment pro-

cess through the construction of similarity matrices. Leveraging Bayesian

methods, Matsuura et al. [110] proposed a Bayesian Canonical Correlation

Analysis (CCA) framework that projects multiple modalities into a shared
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Table 5: Summary of Alignment methods for Missing Modality Problem

Method Modalities Application Area
CMPTs [457] Images, Text Robust Learning
CMAT [351] Images, Skeleton Human Action Recognition
CMR [267] Multimodal Data Cross-modal Retrieval
EMMA [315] Text, Images Object Retrieval
GAT [399] MM Knowledge Graph Representation Learning
GBCCA-M2 [110] Images, Tabular Image Retrieval
HOJ3D-NLM [201] Video, Audio Human Action Recognition
IPD [325] Audio, Video, Text Sentiment Intensity Analysis
M3Care [298] Multimodal EHRs Ocular Disease Diagnosis
MCPD-Net [202] Images, Accelerometer Parkinson Classification
MM-Align [259] Multimodal Sequences Model Robustness
Multi-modal Fusion [377] Images Facial Recognition
Penta-Encoder [421] Multimodal MRI Brain Tumor Segmentation
WMA [472] Video, Text, Audio Hate Speech, Movie Genre

space and enhances robustness against modality incompleteness. In addi-

tion, several alignment strategies based on sparse regression, covariance

matrix modeling, and modality compensation have shown promising

results in maintaining cross-modal consistency [267], [315], [325], [351],

[377].

More recent innovations further expand the scope of alignment-based

strategies. Liang et al. [399] introduced a graph attention network (GAT)

using transfer learning to align heterogeneous data sources. Yu et al. [421]

employed a modality-dynamic encoder to capture tumor semantics across

incomplete modalities. Reza et al. [457] applied cross-modal proxy tokens

and alignment loss to guide the fusion process in the presence of missing

data. Contrarily, Zhi et al. [472] incorporated Wasserstein distance into

self-attention mechanisms to enhance modality fusion and alignment. Ta-

ble 5 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 chal-

lenges include handling misalignment caused by outliers in the data and

overcoming noise in the synthesized data.
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2.2.3 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 manipula-

tion, selective fusion, co-learning, distillation methods, attention-based

architectures, and prompt learning.

Modular Design

Model adaptation through architectural design is a key strategy for en-

hancing 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 avail-

able 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],

[172], [217]. Table 6 highlights the key studies that introduced resilient ar-

chitectural designs. For example, M3L [403] employed a semi-supervised

framework that integrates modality masking to improve model general-

ization. Similarly, MMMVIT [407] leveraged Vision Transformers to learn

a shared latent representation and extracted multi-scale features via intra-

model fusion. Reza et al. [408] 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 [413] 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 atten-

tion for their architectural flexibility in handling missing modalities. mm-

Former [301] introduced a hybrid design with modality-specific encoders
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Table 6: Summary of Modular design methods for Missing Modality Problem

Method Modalities Application Area
AFG [133] Audio, Video Action Recognition
ActionMAE [365] RGB, Depth, Infrared Action Recognition
AV-Expression [172] Audio, Video Expression Recognition
BTS-Missing [148] Multimodal MRI Brain Tumor Segmentation
Chameleon [450] Image, Text, Audio Representation Learning
M3AE [342] Multimodal MRI Brain Tumor Segmentation
MBR-FV [169] Facial Video Biometrics Recognition
MLE-Missing [217] Audio, Video Emotion Recognition
MMMViT [407] Multimodal MRI Brain Tumor Segmentation
MMR-SSMS [403] Images, Depth Imaging Semantic Segmentation
ModDrop++ [270] Multimodal MRI Sclerosis Lesion Segmentation
mmFormer [301] Multimodal MRI Brain Tumor Segmentation
PEA [408] Depth, Thermal, Images Semantic Segmentation
ShaSpec [359] Multimodal MRI Brain Tumor Segmentation
SiBraR [386] Image, Text, Audio Recommendation System
SMU-Net [256] Multimodal MRI Brain Tumor Segmentation
UML [464] Multimodal OCT Visual Acuity Prediction
UniBEV [413] LiDAR, Images Object Detection
URN [132] Multimodal MRI Brain Tumor Segmentation

and inter-modal transformers, complemented by auxiliary regularizers

that guide the learning of modality-invariant features. UML [464] applied

attentional masking for handling missing inputs and incorporated aux-

iliary 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 [132], [148], [365], masked au-

toencoders for unsupervised feature reconstruction [169], [342], modular

network designs with independently functioning sub-networks [256],

[359], and dynamic co-learning mechanisms [270] that adaptively balance

modality contributions.

Selective Fusion

Fusion methods aim to mitigate the impact of missing modalities by

utilizing different techniques such as ensemble learning and weighted

voting mechanisms [296], [311], [336]. Table 7 summarizes the studies that

enable selective fusion dynamically to improve multimodal performance.

For instance, Zheng et al. [248] proposed progressive fusion that learns

representations from single to multiple modalities. It involves taking the
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Table 7: Summary of Selective fusion methods for Missing Modality Problem

Method Modalities Application Area
EMMR [296] Text, Audio, Video Sentiment Analysis
PFN [248] Video, Sensor Person Re-identification
SLR-Fusion [55] Images, Depth Face Recognition
UMAEA [311] Images, Text Multimodal Entity Alignment
UME-MMA [336] Audio, Video, Text Audio–Video Event Localization

predictions from different modalities which are fused for decision making.

Shao et al. [55] 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.

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 cate-

gory include transfer learning [43], [219], zero-shot learning [124], and

conceptual grounding [331]. Moreover, as shown by Table 8, these meth-

ods are leveraged to improve modular performance across a variety of

application areas. In recent literature, Bao et al. [308] proposed a fed-

Table 8: Summary of Co-learning methods for Missing Modality Problem

Method Modalities Application Area
ACN [239] Multimodal MRI Brain Tumor Segmentation
AVER [216] Audio, Video Emotion Recognition
D2-Net [289] Multimodal MRI Brain Tumor Segmentation
DML [249] Multisensor Data Weather Mapping
LLRC [43] Images, Text Face Recognition
LLTSL [32] Images, Text Face Recognition
LRMM [124] Text, Images Recommendation Systems
M3S [257] Text, Audio, Video Sentiment Analysis
MARL [331] Multimodal MRI Brain Tumor Segmentation
MissModal [338] Text, Audio, Video Sentiment Analysis
MRAN [345] Text, Audio, Video Sentiment Analysis
PMC [245] Images, Text Object Recognition
PMCL [308] Multiple Sensors Prototype Probing
SMIL [219] Video, Audio, Text Movie Genre Classification

erated learning-based architecture that leverages a masking strategy to
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find, learn and compensate the missing information. Konwer et al. [331]

proposed a meta-learning methodology in combination with conceptual

grounding that enables the approximation of missing features from the

learned shared latent space. MissModal [338] 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 [345] 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 [257], duel disentanglement

[289], knowledge sharing [216], [249], progressive modality cooperation

[245], adversarial co-training [239], and low-rank transfer [32].

Distillation

Distillation networks leverage student-teacher frameworks, where a stu-

dent 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 [198].

Table 9: Summary of Distillation methods for Missing Modality Problem

Method Modalities Application Area
AMD-RS [142] Multispectral/HSI Remote Sensing Classification
HMC-RGBD [128] Images, Depth Video Action Recognition
KD-MM [178] Multimodal MRI Alzheimer’s Diagnosis
KD-VQA [198] Images, Text Visual Question Answering
LCMKD [360] Multimodal MRI Brain Tumor Segmentation
MDN-Action [105] Images, Depth, Skeleton Human Action Recognition
MH-SPL [372] Images, Text Image Recognition
MiDl [456] Video, Audio Action Recognition
MITR-DNet [461] Text, Audio, Video Sentiment Intensity Analysis
ModalityMirror [432] Audio, Video Audio Classification
MSH-Net [364] Multispectral/HSI Remote Sensing Classification
ProtoKD [363] Multimodal MRI Brain Tumor Segmentation
SBV [416] Audio, Video Audiovisual Segmentation

Table 9 outlines recent studies that have explored various distillation
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strategies. For instance, Zhang et al. [372] proposed cross-branch su-

pervision through a bi-directional distillation architecture, where one

branch learns unimodal representations while the other performs MML.

Wu et al. [416] 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 [363] trans-

ferred semantic knowledge from a complete-modality teacher to a student

model that performs segmentation tasks under partial modality input.

Cross-Model distillation techniques [178], [360] 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 [364],

adversarial distillation [142], and hallucination-based distillation [105],

[128].

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 com-

monly employed to achieve this dynamic adaptation, making multimodal

systems more resilient to missing data [200], [354]. Table 10 outlines exist-

ing studies leveraging attention-based methods for modular robustness.

In a recent study, MMAN-M2 [395] used a transformer-based encoder-

decoder model with a multi-head mechanism for dynamic extraction

and fusion of feature representations. Similarly, CTNet [326] 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.

Meanwhile, multiple attention-based architectures have been pro-

posed to handle missing modality in different application areas. For

effective emotion recognition and classification, Vazquez et al. [358] en-

hanced model performance by introducing cross-model and self-attention
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Table 10: Summary of Attention-based methods for Missing Modality Prob-
lem

Method Modalities Application Area
AMMER [358] Audio, Video, Text Emotion Recognition
ARMOUR [343] Text, Table Mortality Prediction
AV-SF [326] Audio, Video Person Recognition
AVTPR [264] Audio, Video Person Recognition
CSK-Net [354] Optical, Infrared Semantic Segmentation
FRAMM [412] Clinical Trials Data Clinical Trial Site Selection
Gait-MMR [200] Images, Silhouettes, Depth Gait Recognition
LFCR [191] Multimodal MRI Brain Tumor Segmentation
MagNET [330] Multimodal MRI Brain Tumor Segmentation
MFI [303] Multimodal MRI Brain Tumor Segmentation
MMAN-M2 [395] Audio, Video Emotion Recognition
MMM-VoxCeleb [158] Audio, Video Speaker Identification
MMMB [300] Images, Text Image Aesthetic Prediction
MMS-AttnFusion [261] Multimodal MRI Brain Tumor Segmentation
TAG-MSA [295] Video, Audio, Text Sentiment Analysis
TAG-RMSA [297] Video, Audio, Text Sentiment Analysis

in the underlying transformer architecture. Similar recent works include

inter-model contrastive learning [343], masked cross model attention [412],

and tag-assisted attention [295]. In addition, attention-based architectures

are employed for sensor fusion [264], brain tumor segmentation [191],

[252], [261], [303], sentiment analysis [158], [297], and image aesthetic

prediction [300].

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 [389]. Table 11 outlines the existing literature that leverages

prompt learning. For modality-aware prompts, Lee et al. [334] lever-

aged dynamically learnable training where the proposed model learns

adaptive prompt embeddings to indicate the availability of each modal-

ity. Pipoli et al. [455] 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. [467] introduced modality-specific and task-aware prompts
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Table 11: Summary of Prompt learning methods for Missing Modality Prob-
lem

Method Modalities Application Area
M&TSP [436] Text, Audio, Video Emotion Recognition
MIFPN [429] Multimodal MRI Brain Tumor Segmentation
MMWP [334] Images, Text Food Recognition
MSPs [389] Images, Audio Movie Genre Classification
PAL [467] Audio, Video, Text Food Recognition
RAGPT [446] Text, Images Hate Speech Detection
SCP [455] Images, Text Hate Speech Detection

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. [446] 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. [436] 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 computation-

ally efficient means for introducing robustness in multimodal systems

and while these methods show promising success, key challenges re-

main in managing the trade-off between computational efficiency and

performance, especially across diverse tasks and modality combinations.

Furthermore, task-independent designs, refinements to prompt learn-

ing, and novel attention or fusion mechanisms to create more adaptable

and resilient multimodal systems can be explored for enhanced model

resilience.

2.2.4 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 [401] combined modality translation with fusion mech-

anisms in an encoder-decoder setup to enhance sentiment analysis per-
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formance under missing modality conditions. Zhou et al. [375] 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. [310] proposed imputation of missing modalities

through combined distillation networks with a disentanglement module

to capture both intra- and inter-modal characteristics. Table 12 highlights

the work leveraging hybrid strategies such as model design integrated

with dynamic fusion [271], self-supervised learning using attention and

pre-trained encoders [221], and semi-supervised reconstruction-based

co-learning frameworks [103], [107]. Furthermore, recent hybrid mod-

Table 12: Summary of Hybrid methods for Missing Modality Problem

Method Modalities Application Area
ADxPro [428] MRI, PET, CSF, Biomarkers Alzheimer Prediction
DFTD [310] MRI, PET Alzheimer Diagnosis
DGMRec [444] Text, Images, Audio Recommendation System
EBIA [470] Text, Audio, Video Sentiment Analysis
FedMobile [453] Multimodal Sensor Data Human Activity Detection
FF-LFL [375] MRI, CT, PET Brain Tumor Segmentation
HN-CNN [107] Optical, DSM Remote Sensing, Classification
HPMT [452] Text, Images Long Document Classification
IMDR [451] Fundus, OCT Ophthalmic Diagnosis
iMMAir [431] Images, Sensor Data Air Quality Prediction
MSGFN [468] Text, Audio, Video Sentiment Analysis
MFCPL [447] Audio, Video, Text Hate Speech Detection
Mi-CGA [443] Text, Audio, Video Emotion Recognition
MMGACL [471] Text, Images Recommendation System
MMT-RMM [271] Images, Text Hate Speech Detection
MSAmbA [465] Audio, Video Human Action Recognition
MT-MSA [401] Text, Audio, Video Sentiment Analysis
OGP-Net [459] Images, Infrared Scene Segmentation
OPTIMUS [430] MRI, PET, CSF Alzheimer Prediction
SGM [103] Image, Audio, Signals Emotion Recognition
SSFD-Net [454] Palmprint, Palmvein Biometric Recognition
TGRN [458] Text, Audio, Video Sentiment Analysis
TIP [384] Tabular, Images Myocardial Prediction
UGaitNet [221] Optical Flow, Silhouette Gait Recognition

els continue this trend by combining diverse learning paradigms such

as contrastive learning, disentanglement, proxy learning, and federated

training. Dhivyaa et al. [428] and Zhang et al. [470] introduced hybrid

models using VAEs, RNNs, and fuzzy-aware modules for healthcare and

sentiment analysis. Kieu et al. [443] and Liu et al. [452] employed graph

neural networks and hierarchical modeling to address missing modalities

in emotion and document classification. More recent works such as Fan
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et al. [431], SSFD-Net [454], IMDR [451], and FedMobile [453] integrated

diffusion-based disentanglement, proxy learning, and federated MML.

Others such as Zhao et al. [471], Le et al. [447], and Du et al. [384] used

attention-enhanced fusion and contrastive alignment strategies.

In summary, hybrid methods present a promising way towards robust-

ness 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, computation-

ally expensiveness, and modality alignment when integrating different

approaches. Future works can investigate these problems and can propose

efficient hybrid designs that overcome these issues.

2.2.5 Benchmark Datasets

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 13. For instance, in affective computing,

SMIL-MOSI [219], MISA-MOSEI [163], and VQA-Missing [438] are used

to evaluate architectural robustness under missing modalities. Table 13

summarizes the benchmark datasets that are explored in the existing

literature for MML under missing modalities.

2.2.6 Key Findings

Addressing missing modalities remains a critical challenge in MML, driv-

ing the development of a diverse range of strategies. This section has

surveyed the major ones employed through a comprehensive taxonomy

presented in Fig. 2. The proposed taxonomy include Reconstruction,

Architectural, and Hybrid approaches with each offering distinct mech-

anisms 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 se-

mantically coherent and high-fidelity reconstructions by learning the joint

distribution of multimodal data [263], [284], [433], [441], [442]. While pow-
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Table 13: Existing benchmark datasets for MML for MMP. Modalities: Au-
dio (A), Video (V), Image (I), and Text (T). †One or more modalities are
synthetically dropped or naturally absent in derived splits.

Dataset† A V I T Application Area

Action and Activity Recognition
Kinetics-Sounds [80] ✓ ✓ ✗ ✗ Action Recognition
NTU RGB-D [68] ✗ ✗ ✓ ✗ Activity Recognition
Event Detection
AudioSet (inc.) [83] ✓ ✓ ✗ ✗ Event Classification
General Classification
MM-IMDB [79] ✗ ✓ ✓ ✓ Multi-label Classification
Hate Speech Detection
Hateful Memes [165] ✗ ✗ ✓ ✓ Multimodal Classification
Medical AI (Diagnosis, Prognosis, Imaging)
BraTS 2018/2020 [100] ✗ ✗ ✓ ✗ Image segmentation
M3Care [298] ✗ ✗ ✗ ✓ Prognosis Prediction
MIMIC-III [65] ✗ ✗ ✗ ✓ Clinical Diagnosis
Multimodal Translation and ASR
How2 [118] ✓ ✓ ✗ ✓ Machine Translation
Retrieval
COCO-Missing [286] ✗ ✗ ✓ ✓ Image–text Retrieval
Flickr30K-Missing [286] ✗ ✗ ✓ ✓ Image–text Retrieval
MIT-States [44] ✗ ✗ ✓ ✓ Zero-shot Learning
Recipe1M+/Food-101 [59] ✗ ✗ ✓ ✓ Cross-modal Retrieval
Sentiment and Emotion Classification
CMU-MOSEI [99] ✓ ✓ ✗ ✓ Emotion Recognition
IEMOCAP [9] ✓ ✓ ✗ ✓ Emotion Recognition
MELD [116] ✓ ✓ ✗ ✓ Emotion Recognition
MISA-MOSEI [163] ✓ ✓ ✗ ✓ Sentiment Analysis
SMIL-MOSI [219] ✓ ✓ ✗ ✓ Sentiment Analysis
Visual Question Answering
VQA-Missing [281] ✗ ✗ ✓ ✓ Robust Learning

erful, these methods often entail high computational complexity and can

be sensitive to noise or outliers in the training data [235], [246]. 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 [110], [259], [298]. Though computationally lighter,

these methods can struggle with modality misalignment and semantic

drift under high missingness. Architectural approaches avoid reconstruct-
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ing missing modalities altogether and focus instead on adapting model

architectures or learning dynamics to be inherently resilient. Techniques

such as modality-specific architectural designs [403], [407], late fusion [55],

[248], and co-learning frameworks [331], [338] 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 [363], [372], [456]. Attention-based mechanisms fur-

ther enhance adaptability by dynamically weighting modalities based

on relevance [343], [395]. On the other hand, prompt learning offers a

lightweight and modular approach particularly suited to transformer-

based architectures [334], [455]. Despite their efficiency, these approaches

may require extensive tuning or specialized designs to generalize across

tasks and domains. Hybrid methods integrate multiple architectural meth-

ods, often combining the reconstruction, alignment, attention, distilla-

tion, and other methods to capitalize on their complementary strengths.

For example, combining cross-modal imputation with fusion and dis-

entanglement has yielded promising results in sentiment analysis and

medical imaging [310], [375], [401]. Recent advances further incorporate

contrastive learning, federated learning, and graph-based reasoning to

address complex real-world scenarios [431], [453], [463], [465]. While

hybrid strategies offer improved robustness and generalization, they of-

ten involve increased architectural complexity and higher computational

demands, which may hinder scalability [428], [470].

2.3 Dissecting Multimodal Learning Under Cor-

rupted Modalities

In real-world scenarios, collecting and processing high-quality multi-

modal 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
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Multimodal Learning with Corrupted Modalities

Post Hoc Methods

Error Detection

ARFS [241]

CCM [212]

LNL [434]

MMDetect [410]

MSC-Bench [437]

NSA [199]

Recovery Mechanism

DAC [385]

Fuzzy Regularization [304]

PATCH [362]

Zeronlg [420]

Training Strategies

Data Augmentation

CTC-Seq2Seq [95]

LaaF [321]

MATC [313]

MMCBench [422]

MMSF [440]

PMDA [411]

SDB [305]

VI-ReID [328]

VideoBERT [150]

VLMBench [390]

Adversarial Training

AdvCLIP [376]

AdaptiveFNC [320]

CleanCLIP [307]

EAANs [204]

M3P [224]

MSPL [372]

Architectural Methods

Noise Aware Networks

ADMN [462]

AdaFlow [414]

CLHE [402]

CALICO [355]

ConvLSTM-DLM [258]

MCTN [145]

dMCCA [149]

M3ER [170]

MICINet [469]

RAML [309]

SeaNet [174]

SuMi [435]

T2FN [135]

V2-SfMLearner [427]

2LTTA [394]

Confidence Estimation

ASPNet [306]

AV-RelScore [322]

CML [346]

DataTrace [141]

DL-BFM [449]
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Figure 3: Taxonomy of the existing works addressing multimodal learning
(MML) with corrupted modality problem (CMP)

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

[423]. 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 [381], [400]. Empirical studies

have further demonstrated that multimodal models are particularly sen-

sitive to corrupted inputs, underscoring the necessity for robust MML

methodologies [129], [177], [196], [280], [348], [380], [460]. 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 shown in Fig. 3. We also survey their application areas,

outline corresponding benchmark datasets, and highlight open challenges

in designing resilient multimodal systems.

2.3.1 Data Processing Methods

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
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the corruption is detectable and relatively localized.

Denoising Methods

Denoising methods such as autoencoders are neural network architec-

tures 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 14 presents dif-

ferent denoising methods have been explored across diverse application

domains. In medical imaging, RHViT [374] 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 [417] leveraged a denoising autoencoder

for reconstruction of noisy sensor signals prior to multimodal representa-

tion pipeline. In cloud computing, Ikhlas et al. [262] targeted the noise

Table 14: Summary of Denoising methods for Corrupted Modality Problem

Method Modalities Application Area

Centaur [417] Sensors Activity Recognition
DAE [37] Images, acoustic bathymetry Autonomous Vehicles
GRU [262] vCPU, memory, storage Resource Forecasting
RHViT [374] 3D multimodal MRI Medical Imaging
Scheme-M6 [125] Images Video Classification

in time series data by leveraging the proposed stacked denoising autoen-

coder with bidirectional gated recurrent units (BiGRUs). Similarly, Yin et

al. [125] denoised the impulse noise in the multimodal streams for mul-

timodal 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.

2.3.2 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
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Table 15: Summary of Noise-Aware methods for Corrupted Modality Prob-
lem

Method Modalities Application Area

ADMN [462] Images, Audio, Sensor Object Localization
AdaFlow [414] Camera, LiDAR, GPS Mobile Sensing
CLHE [402] Text, tabular data E-commerce
CALICO [355] Camera, LiDAR 3D Object Detection
ConvLSTM-DLM [258] Images Medical Imaging
MCTN [145] Text, Video, Audio Sentiment Analysis
dMCCA [149] Images, Text Multimodal Learning
M3ER [170] Images, Text, Audio Emotion Recognition
MICINet [469] Images, Text, Audio Security
RAML [309] Video, Text, Audio Emotion Recognition
SeaNet [174] Audio, Accelerometer Speech Enhancement
SuMi [435] Images, Text, Audio Test-Time Adaptation
T2FN [135] Text, Video, Audio Speech Recognition
V2-SfMLearner [427] Images, Vibration Robotics
2LTTA [394] Images, Text, Audio Test-Time Adaptation

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.

Noise-aware Networks

They explicitly anticipate and introduce uncertainty of corrupted input

into their model design. Instead of treating all inputs equally, these net-

works 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 15 highlights the existing

studies that leverage novel design choices to withstand data corruption

in multimodal networks. For instance, SuMi [435] addressed the stable

test-time adaptation under complex multimodal noise by utilizing statisti-

cal smoothing and mutual information sharing towards noise-awareness

in present modalities.

Zhang et al. [469] proposed MICINet, which targets inter-class con-
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fusing information (ICI) by identifying and removing structured noise

patterns across vision, audio, and text inputs. In network design, ADMN

[462] proposed dynamic architectural adjustments in response to varying

levels of Gaussian noise across RGB, depth, radar, audio, and WiFi inputs.

Lei et al. [394] explored model parameter manipulation for test-time ro-

bustness through a two-level adaptation strategy. Leveraging contrastive

learning, Ma et el. [402] proposed learning with noisy and sparse multi-

modal data in recommendation systems. Additional strategies including

tensor rank regularization [135], cyclic translation between modalities

[145], and cross-modal correlation learning [149] 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.

Confidence Estimation

Confidence estimation evaluates the trustworthiness of the input modali-

ties 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 prediction. Table 16 summarizes

the recent studies leveraging diverse strategies for confidence estimation

for CMP. For instance, Li et al. [449] 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. [373] proposed

MLCLNet for multi-level confidence estimation to assess both feature

and label reliability. Similarly, Ma et al. [218] incorporated a Mixture

of Normal-Inverse Gamma (MoNIG) distribution to model uncertainty

for trustworthy multimodal regression and estimating per-modality con-

fidence in noisy inputs. Calibrating Multimodal Learning (CML) [346]

introduced a regularization method that mitigates compromised predic-

tions in the presence of corrupted or missing modalities. FedMultimodal

[318] explored federated learning with structured and unstructured noise

and emphasized on the need for calibrated confidence signals across
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Table 16: Summary of Confidence estimation methods for Corrupted Modal-
ity Problem

Method Modalities Application Area

ASPNet [306] Video, Sensor Action Segmentation
AV-RelScore [322] Images, Audio Speech Recognition
CML [346] Video, Text, Audio Classification
DataTrace [141] Text, Sensor Anomaly Detection
DL-BFM [449] Text, Audio, Sensor Health Monitoring
FedMultimodal [318] Images, Text, Audio Activity Recognition
FormNetV2 [333] Text, Layout, Image Document Analysis
gPoE [265] Images, Sensor Video Segmentation
MLCLNet [373] Images, Sensor Medical AI
MoNIG [218] Images, Text Sentiment Analysis
NAF [232] Video, Audio Speech Extraction
SGIR [316] Images, Text, Audio Classification

distributed and unreliable input sources. Hong et al. [322] proposed AV-

RelScore, a reliability scoring module for audio-visual speech recognition

(AVSR). Similarly, Ding et al. [316] proposed Star Graph Interaction for

confidence-based weighting via centralized hubs and private pathways to

maintain robustness under noisy conditions. In document understanding,

FormNetV2 [333] leveraged graph contrastive learning for learning ro-

bust 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.

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 17 highlights the recent works that leverage fu-

sion for CMP. For instance, Kim et al. [445] proposed leveraging fusion

with self-supervised learning for Audio-Visual Speech Recognition to
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jointly address noise in audio and visual modalities. Similarly, Shi et

al. [409] 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. [143] 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,

Table 17: Summary of Robust fusion methods for Corrupted Modality Prob-
lem

Method Modalities Application Area

AFusion [184] Images, Sensor Emotion Detection
Bimodal [28] Speech, Facial Images Smart Surveillance
CAV2vec [445] Audio, Video Speech Recognition
MCL [352] Gas Sensor, Images Industry 5.0

CREM [409] Optical Imagery, DSMs Remote Sensing
GCN [381] Images, Text Scene Recognition
GatedFusion [143] Images, LiDAR Object Detection
BVS [13] Images, Sensor Biometric Security
HGMF [156] Images, Audio, Video Data Mining
LRME [319] Sensor, Time-Series Industry 5.0

MultiBench [214] Text, Images, Video, Audio HCI, Healthcare
KernelFusion [3] Image, Text, Audio, Video Content Analysis
PFusion [278] Text, Images, Audio, Sensor Sentiment Analysis
SensorFusion [366] LiDAR, Images Autonomous Driving
TVDiag [419] Logs, Metrics, Traces Failure Diagnosis
VMLoc [250] RGB Images, Depth Maps Robotics

Fu et al. [319] applied a low-rank multi-manifold embedding approach

for monitoring incomplete sensor readings Rahate et al. [352] leveraged

co-learning-based fusion for handling noisy sensor and thermal images

and demonstrated that robust multimodal training can mitigate corrup-

tion in safety-critical applications. Graph-based approaches like HGMF

by Chen et al. [156] 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. [184] proposed Adaptive Multimodal Fusion (AMF) that dy-

namically adjusts the architectural weights to handle modality-specific
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occlusions and improve expression recognition. Similarly, Raghavendra

et al. [13] 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.

2.3.3 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.

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 [150]. For

speech recognition, time masking and additive noise improve model

robustness to environmental corruptions [95]. In multimodal sentiment

analysis, partial masking of audio or textual inputs has been employed to

force the model to rely on complementary visual signals [313].

Recent studies have expanded corruption-based data augmentation

to increasingly complex and realistic multimodal settings as shown in

Table 18. Kaplan et al. [390] 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
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Table 18: Summary of Augmentation-based methods for Corrupted Modality
Problem

Method Modalities Application Area

CTC-Seq2Seq [95] Audio, Video Speech Recognition
LaaF [321] MRI, Clinical Data Medical Imaging
MATC [313] Text, Audio Emotion Recognition
MMCBench [422] Images, Text, Audio Multimodal Classification
MMSF [440] Images, Infrared Smart Surveillance
PMDA [411] Images, Infrared Smart Surveillance
SDB [305] Images, Sensor Industry 5.0

VI-ReID [328] Images, Infrared Surveillance Systems
VideoBERT [150] Audio, Video Action Recognition
VLMBench [390] Text, Images Long Form Generation

systematic textual noise. Zhang et al. [422] 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. [305] leveraged augmentation techniques specifically tai-

lored to realistic sensor failures. In medical imaging, Hager et al. [321]

applied corruption-aware contrastive learning to handle noisy or incom-

plete 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.

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 19 summarizes

studies that have explored a variety of adversarial training techniques
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to enhance the resilience of multimodal models against data corruption.

For instance, Huang et al. [204] leveraged evolutionary adversarial at-

tention networks (EAANs) to withstand the random noise in visual data.

Their method incorporates adversarial perturbations during training to

refine multimodal feature representations. CleanCLIP [307] specifically

targets data poisoning attacks in multimodal contrastive learning, where

poisoned images are introduced to implant backdoors in vision-language

models. Similarly, AdvCLIP [376] leveraged artificially curated adversarial

examples that target both image and text modalities. Similarly, Gupta

Table 19: Summary of Adversarial training methods for Corrupted Modality
Problem

Method Modalities Application Area

AdvCLIP [376] Image, Text Contrastive Learning
AdaptiveFNC [320] Image, Video Video Classification
CleanCLIP [307] Image, Text Adversarial Learning
EAANs [204] Image, Video, Text Multimodal Classification
M3P [224] Text, Image Captioning, Retrieval
MSPL [372] Images Image Classification

et al. [320] explored adversarial manipulations in self-supervised con-

trastive 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. How-

ever, their effectiveness is highly dependent upon the type and severity

of the corruptions employed during training. Additionally, adversarial

training methods, while powerful, introduce significant computational

overhead and may suffer from reduced generalization if the perturba-

tion space is not carefully controlled. Nevertheless, when appropriately

designed, these strategies significantly enhance a model’s robustness to

modality-specific or cross-modal corruptions.
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2.3.4 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.

Error Detection

Error detection models seek to distinguish between clean and noisy modal-

ity signals, often leveraging consistency checks across modalities or statis-

tical deviations from expected representations. For instance, confidence-

based approaches assess internal model uncertainty to flag potentially

corrupted data segments, while cross-modal agreement techniques de-

tect inconsistencies in predicted semantic content between modalities.

Table 20 presents the recent studies that have explored various post-hoc

error detection techniques for CMP. For instance, Gou et al. [434] lever-

aged 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 su-

pervision. Lee et al. [212] proposed a “Detect, Reject, Correct” framework

Table 20: Summary of Error detection methods for Corrupted Modality
Problem

Method Modalities Application Area

ARFS [241] Images, Audio, Text Multimodal Learning
CCM [212] Images, Depth, Sensor Autonomous Vehicles
LNL [434] Images, Text Language Understanding
MMDetect [410] Images, Text LLM Evaluation
MSC-Bench [437] Camera, LiDAR 3D Object Detection
NSA [199] Images Activity Recognition

for detecting corrupted sensor modalities by evaluating reconstruction in-

consistencies. Cross et al. [199] applied the Negative Selection Algorithm

(NSA) to detect anomalous inputs in multimodal activity recognition

pipelines. The proposed network identifies the noisy sensor data with-

out prior labeling, making it particularly useful in health monitoring

applications.
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Table 21: Summary of Recovery based methods for Corrupted Modality
Problem

Method Modalities Application Area

DAC [385] Images, 3D Point Clouds Cross-Modal Retrieval
MMFF [304] Image, Time Series, Sensor Industrial Automation
PATCH [362] Sensor, Video, Infrared, Thermal Autonomous Driving
Zeronlg [420] Images, Videos, Text Video Captioning

Recovery Mechanisms

Recovery mechanisms seek to restore the reliability of the multimodal

representation after corrupted inputs have been detected. These mecha-

nisms 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 21, 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. [385] leveraged a divide-

and-conquer method that mitigates the effects of noisy labels in 2D-3D

retrieval via credibility modeling. Similarly, PATCH [362] presented a

plug-in framework that incorporates masked autoencoders for data recov-

ery, 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. [304]

leveraged fuzzy regularization to handle CMP. Yang et al. [420] addressed

the absence of supervision in zero-shot multimodal and multilingual nat-

ural language generation. By aligning unpaired data in a shared latent

space, they reconstructed target outputs without direct supervision. To-

gether, 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 com-

putationally efficient layer of robustness, particularly beneficial when

upstream components fail to fully account for corruption effects. How-
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ever, 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 cor-

ruption, they may be insufficient under conditions of severe multimodal

degradation, emphasizing the need for their integration with upstream

robust modeling techniques.

2.3.5 Benchmark Datasets

To this end, several benchmark datasets have been developed and are

leveraged to evaluate multimodal robustness under corruption and noise.

Datasets such as ImageNet-C [129], COCO-C [137], and PASCAL-C [137]

introduce systematic perturbations to assess model stability against visual

degradation. These resources, summarized in Table 22, enable consistent

assessment of corruption-aware multimodal networks.

2.3.6 Key Findings

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 multi-

modal applications. Data preprocessing methods such as denoising au-

toencoders [262], [417] 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 [53], [346], [435]. These methods demonstrate

strong performance in critical domains such as medical imaging [374] and

autonomous driving [462], where runtime resilience is essential. Nonethe-

less, they introduce higher architectural complexity and require accurate

noise modeling which remains a key challenge particularly in multimodal
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Table 22: Existing benchmark datasets for MML for CMP. Modalities: Audio
(A), Video (V), Text (T), and Image (I). Corruption (C): Noise (N), Perturba-
tions (P), Rephrasing (R), and Variance (V).

Dataset A V T I C Application Area
Audio and Event Detection
Common Voice-N [155] ✓ ✗ ✓ ✗ N Speech Recognition
CrisisMMD [97] ✗ ✗ ✓ ✓ N Crisis Recognition
DESED [222] ✓ ✗ ✗ ✗ N Event Detection
MIMII [146] ✓ ✗ ✗ ✗ N Anomaly Detection
Data Retrieval
Flickr30K-N [213] ✗ ✗ ✓ ✓ N Cross-modal retrieval
MSR-VTT-N [215] ✗ ✓ ✓ ✗ N Video–text retrieval
Winoground [283] ✗ ✗ ✓ ✓ N Cross-modal reasoning
Image Classification and Captioning
CIFAR-10-C [129] ✗ ✗ ✗ ✓ N Image classification
Cityscapes-C [137] ✗ ✗ ✗ ✓ N Semantic segmentation
COCO-C [137] ✗ ✗ ✗ ✓ N Object detection
COCO-Noisy [197] ✗ ✗ ✓ ✓ N Image–text alignment
ImageNet-C [129] ✗ ✗ ✗ ✓ N Image classification
ImageNet-P [129] ✗ ✗ ✗ ✓ P Image classification
PASCAL-C [137] ✗ ✗ ✗ ✓ N Object detection
Sentiment and Emotion Classification
CMU-MOSI-R [173] ✓ ✓ ✓ ✗ R Sentiment Classification
M3ED [269] ✗ ✓ ✓ ✗ V Emotion Recognition
VoxCeleb-N [92] ✓ ✓ ✗ ✗ N Speaker Identification
Visual Question Answering
R-Bench [448] ✗ ✗ ✓ ✓ N Multimodal Reasoning
VQA-CP [96] ✗ ✗ ✓ ✓ R Bias Evaluation
VQA-Rephrasings [147] ✗ ✗ ✓ ✓ R Linguistic Variation
VQA-Robust [438] ✗ ✗ ✓ ✓ N Noise-tolerant VQA

scenarios with asynchronous or unbalanced signals. Training-time ap-

proaches build robustness proactively by simulating noisy environments

through augmentation or adversarial perturbations. Corruption-based

augmentation has been shown to improve generalization across modali-

ties [95], [440], while adversarial training strategies [307], [376] 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 [212], [362], [434], oper-

ate downstream to detect and mitigate the influence of corrupted modali-

ties. 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
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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

[380], [422] hinders consistent evaluation across tasks and domains.

2.4 Chapter Summary

In this chapter, 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 meth-

ods, highlight the key application areas, and outline the recent advances

in addressing these challenges. Furthermore, we presented benchmark

datasets and comprehensive taxonomized literature review to strengthen

the fundamentals of understanding MML. In essence, this chapter serves

as a valuable resource for researchers aiming to deepen their understand-

ing and strengthen the robustness of multimodal learning.
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Chapter 3

Unraveling Multimodal
Systems: Presenting
Chameleon for Missing
Modalities

In recent years, there has been a surge in the use of multimodal data

for various applications. For instance, users combine text, image, audio,

or video modalities to sell a product over an e-commerce platform or

express views on social media platforms. Two or more of these modalities

are often combined to solve different tasks such as multimodal classifica-

tion [108], [165], cross-modal retrieval [72], cross-modal verification [113],

multimodal named entity recognition [111], [126], visual question an-

swering [63], [98], image captioning [58], semantic relatedness [33], seg-

mentation [356], and multimodal machine translation [61], [69]. In all

these tasks, multimodal methods can experience scenarios where some

modalities are missing, e.g., due to failures in data acquisition pipelines.

Several researchers have recently concluded that multimodal learning

The contents of this chapter are taken from our work “Chameleon: A Multimodal
Learning Framework Robust to Missing Modalities” available https://link.springer.
com/article/10.1007/s13735-025-00370-y
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is not inherently robust to missing modalities and can result in a signifi-

cantly deteriorated performance when modalities are missing [219], [271],

[334]. For example, as seen in Fig. 4, ViLT [210], a baseline multimodal

Transformer demonstrates significant performance drops when the tex-

tual modality is missing at test time. The performance deterioration is

attributed to the fundamental design that assumes the presence of all

modalities concurrently for training, thus inadvertently developing a

dependency on having a complete set of modalities to make a prediction.

Therefore, if a modality is missed during inference, the performance dete-

riorates significantly [271]. Recently, Ma et al. [271] proposed a strategy

to improve robustness of ViLT against missing modality by incorporating

modal-incomplete data. As seen in Fig. 4, the performance on missing

modality scenarios improves notably using this approach. Though it

reduces the dependency of ViLT on having a complete set of modalities

to make a prediction, it requires a data-centric fusion strategy to handle

modal-incomplete data which is cumbersome to optimize [271].

To resolve this, it is pertinent to have an approach that may be train-

able using the complete set of modalities but resilient to missing modalities.

To this end, we propose Chameleon, a framework that adapts a common-

space visual learning network to align all input modalities. This way, the

network is able to process either of the two inputs, visual or non-visual,

as well as both together, all as images. Therefore, when a modality is miss-

ing, Chameleon leverages the available modality to output the correct

prediction scores. Moreover, mapping different modalities into a single

shared embedding space not only simplifies the input interface but also

allows harnessing architectures or training procedures designed for one

domain into another domain. As seen in Fig. 4, Chameleon not only

outperforms the baseline ViLT by a notable margin but also demonstrates

better robustness than Ma et al. [271] without any data-centric optimiza-

tion. To explore the general applicability of Chameleon, we incorporate

various kinds of modalities (including, audio and text) for training the

multimodal network by proposing an encoding scheme that transforms

non-visual modalities into a visual format. We evaluate Chameleon on

six benchmark datasets including four textual-visual datasets (i.e., UPMC
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Figure 4: Comparison of Chameleon with ViLT [210] & Ma et al. [271]
on UPMC Food-101 dataset. Chameleon demonstrates better multimodal
and unimodal performances and retains significantly superior performance
when textual modality is missing at test time. While transformer-based
methods such as Ma et al. achieve competitive performance under complete
modality settings, they exhibit greater sensitivity to missing modalities. In
contrast, Chameleon maintains more stable performance across varying
levels of modality availability, including strong unimodal performance when
evaluated with image-only inputs

Food-101 [59], Hateful Memes [165], MM-IMDb [79], and Ferramenta [81])

and two audio-visual datasets (i.e., avMNIST [123], VoxCeleb [92]). Our

approach outperforms state-of-the-art (SOTA) multimodal methods on

complete modalities and demonstrates superior robustness against miss-

ing modalities during training and testing. The key highlights of our

work are as follows:

1. We propose Chameleon, a multimodal learning framework robust

to missing modalities.

2. To eliminate the dependency of the learning network on complete
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set of modalities, we propose a novel encoding scheme that trans-

forms non-visual modality into visual representations to carry out

multimodal training using shared weights.

3. We evaluate our framework extensively on Convolutional Neu-

ral Networks (CNNs), Vision Transformers (ViT), and Adapters,

demonstrating its general applicability across various networks. No-

tably, unlike previous study [271], we demonstrate that the robust-

ness of Transformers against missing modalities can be improved

significantly by using an appropriate learning framework such as

Chameleon.

4. A wide range of experiments performed on four textual-visual and

two audio-visual datasets under different multimodal, and miss-

ing modality settings during training and testing demonstrate the

significance of Chameleon in application scenarios with missing

modalities.

3.1 Rendering Non-visual Modalities into Im-

ages

Recently, some researchers have explored the idea of transforming text

information into a visual format to perform visual recognition task. For

example, Gallo et al. [82] leveraged Word2Vec word embeddings to re-

construct the semantics associated with text as an image to train a visual

network for text classification. Salesky et al. [230] rendered the raw text

directly into visual format, divide the rendered image into overlapping

slices, and produce representations with optical character recognition to

train a machine translation model. Similarly, Rust et al. [274] proposed

a Masked Autoencoding Visual Transformer to reconstruct the pixels in

masked image patches to train a language model. More recently, Tschan-

nen et al. [357] proposed CLIPPO that renders text information as images

to train a pure pixel-based model performing multimodal learning. All

approaches rendering text into visual format are, in essence, related to

Chameleon as we also encode text into visual format. However, instead
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Figure 5: Architecture of Chameleon. (a) Multimodal input consists of
images and texts. (b) Embeddings of texts are encoded as images. (c) Visual
and encoded text inputs are arbitrarily input to a weight-sharing visual
network in a mini batch. Note that the figure represents the case of textual-
visual modality pair. In the case of audio-visual pair, the same encoding is
applied to the audio embedding.

of the common approach of transforming raw text directly into images,

we use embeddings to encode audio or textual information which is found

to be effective in our experiments for the missing modality problem (Sec-

tion 3.3.2). In addition, we acknowledge the existing approaches [92],

[140], [153] that encode audio modality into visual format (e.g., spec-

trogram [92]) to train on a given task. However, we propose a generic

encoding scheme instead of using a particular modality (like text in [357])

directly as input making our approach generalizable to any modality.

3.2 Methodology

Chameleon relies on the intuition that a common feature space across

modalities enable learning of multimodal representations robust to miss-

ing modality. Each component of Chameleon is visualized in Fig. 5 and

discussed subsequently in this section:

3.2.1 Problem Formulation

Formally, given D = {(xa
i , x

b
i )}Ni=1 is the training set where N is the

number of pairs of modality a and modality b and xa
i and xb

i are the

individual modality samples of the ith instance respectively. Moreover,

each pair (xa
i , x

b
i ) has a class label yi. Typical existing multimodal methods
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take multiple modalities as input by using a multi-branch network Cm to

perform the classification task:

ỹi = Cm({xa, xb}, yi) (3.1)

Training such a multi-branch configuration inadvertently depends on

modality-complete data to perform a given task. This results in a sig-

nificant performance deterioration during inference in case of missing

modality (as seen in Fig. 4). To alleviate this issue, we propose to encode

non-visual modality as image and perform the multimodal task entirely

in the visual domain, both during training and testing. In other words, a

visual network is trained on multimodal data consisting of images and

non-visual modality through a common interface of visual information.

Building on the motivation from section 3.1, we hypothesize that unifying

the modalities to an identical input format makes the model indepen-

dent of modality-specific branches, thus eliminating the need of modality

complete data and results in a framework robust to missing modalities.

Therefore, in Chameleon, Eq. (3.1) takes the following form:

ỹi = Cv({x̂a, xb}, yi), (3.2)

where Cv is a visual classifier, x̂a = E(xa), and E is the encoding scheme

to transforms xa into visual format x̂a 1.

3.2.2 Encoding Scheme

To transform non-visual modality (e.g., audio or text) into a common

visual format (x̂a), we extract the modality-specific embeddings (T ). For-

mally:

T = f(xa) ∈ R
d (3.3)

This results in an embedding of length d, which is reshaped into a square

matrix:

1While the description in Eq. 3.2 holds for arbitrary modality types, in our approach, one
of the modalities is always visual.
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τ = reshape(T, ⌈
√
d⌉ × ⌈

√
d⌉) (3.4)

The square matrix is then resized to match the corresponding accompany-

ing image dimensions.

τ̃ = resize (τ, (h,w)) (3.5)

where h and w are the height and width of the image respectively. This

results in an additional image containing only the encoded text as visual

information. For training, the two images are input arbitrarily to a weight-

shared network.

3.2.3 Modality Passing and Joint Training Strategy

Chameleon supports two distinct training and evaluation strategies, each

differing in how the visual and encoded non-visual modalities are com-

bined.

Fused Training. In the fused setting, the encoded non-visual representa-

tion x̂a (e.g., the text embedding rendered as an image) is overlaid directly

onto the original image xb, producing a single composite image that en-

capsulates both modalities. This fused image is passed through the visual

classifier Cv as a single forward pass:

ỹi = Cv
(

x̂a ⊕ xb
)

(3.6)

where ⊕ denotes the overlay operation. During evaluation, the same fused

representation is constructed and passed through the network. In the

missing modality setting, only the available modality image is presented

to the network — since the model has been trained on a single-image

interface, it handles the unimodal input naturally, resulting in strong

missing modality robustness without any architectural modification.
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Figure 6: (a) Orginal image. (b) Unimodal (image only) training and test-
ing. (c) Multimodal training, unimodal testing (image only), i.e., 100% text
missing. As seen, in unimodal image-only training (b), the model focuses
on distinct features of the object. When the text modality (c) is missing
during testing, the model focuses on the available modality to make correct
final predictions demonstrating the success of our approach in training the
multimodal system robust to missing modalities.

Joint Training. In the joint setting, the two modality representations —

the original image xb and the encoded image x̂a — remain separate and

are passed sequentially and independently through the shared-weight visual

classifier within each mini-batch, each carrying the same class label yi.

The training loss is computed independently for each forward pass and

accumulated:

L = L (Cv(x̂a), yi) + L
(

Cv(xb), yi
)

(3.7)

This effectively doubles the number of training samples per instance

52



and encourages the shared network to learn representations that are

independently discriminative for each modality. During evaluation under

the modality-complete setting, the logits from both forward passes are

combined via a simple average:

ỹi =
1

2

(

Cv(x̂a) + Cv(xb)
)

(3.8)

In the missing modality setting, only the logits from the available modal-

ity are used directly for prediction — no imputation or substitution is

required, as the shared-weight training has already equipped the network

to perform well on either input independently.

3.2.4 Robustness to Missing Modalities

Chameleon inherently learns shared representations across modalities,

aligning them into a common latent space. This results in a richer rep-

resentation that is independent of the presence of both modalities, thus

yielding a robust model in case one of the modality is missing. When a

modality is missing, the available modality enables the use of the mul-

timodal knowledge from the shared latent space to make a prediction.

We observe this by visually comparing the activation maps [93] of cases

taken from UPMC Food-101 for image-only unimodal training/testing

and multimodal training with missing text modality testing in Fig. 6.

In image-only unimodal training and testing (Fig. 6b), as expected, the

model focuses on the distinct features of the object to predict the classifi-

cation score. In the case of missing modality at test time, a multimodal

architecture robust to missing modalities should ideally be able to retain

the focus on the available modality and behave like a unimodal network.

We observe this case in Fig. 6c for Chameleon, when the text modality is

missing at test time. As seen, the model shifts its focus on the object itself

and behaves comparably to the unimodal network. These visualizations

highlight the internal working of Chameleon in successfully learning

multimodal representations while demonstrating resilience against miss-

ing modalities. More examples are provided in Supplementary Section

2.
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Table 23: Statistics of the datasets used in our experiments.

Dataset Modalities # of Classes Train Test

UPMC Food-101 101 67,988 22,716
Hateful Memes 2 8,500 2,000
MM-IMDb 23 15,552 7,799
Ferramenta 52 66,141 21,869
VoxCeleb 1,251 145,265 8,251
avMNIST 10 1,125 375

3.3 Experiments

Datasets. We evaluate Chameleon on the multimodal classification

task using four textual-visual datasets (UPMC Food-101 [59], Hateful

Memes [208], MM-IMDb [123], and Ferramenta [81]) and two audio-

visual (VoxCeleb [92] and avMNIST [123]) datasets. Table 23 summarizes

statistics of the datasets.

Evaluation Metrics. Following existing SOTA methods on complete and

missing modalities [59], [123], [165], [271], [334], we report classification

accuracy for UPMC Food-101, VoxCeleb, avMNIST and Ferramenta, area

under the receiver operating characteristic (AUROC) for Hateful Memes

and F1 macro-avaraged for MM-IMDb.

Implementation Details. Unless specified otherwise, ViT (vit-base-patch16-

224) is used as the default choice of visual learning network in Chameleon.

We utilize AnglE [337] for encoding textual modality into embeddings

of size 1024 and Ecapa-tdnn [160] for encoding audio modality into em-

beddings of size 196. We provide further analysis on these choices in

Section 3.3.3.

3.3.1 Evaluations Under Modality-complete Setting

To evaluate whether Chameleon is capable of learning from multiple

data sources, we first experiment when complete modalities are present

during training and testing. As seen in Table 24, Chameleon achieves

SOTA performance on five of the six datasets. Specifically, Chameleon

achieves classification performances of 92.9%, 73.1%, 51.5%, 96.9%, 99.5%,

and 96.9%, respectively, on UPMC Food-101, Hateful memes, MM-IMDb,
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Table 24: Comparison of Chameleon with SOTA multimodal methods
on textual-visual (e.g., UPMC Food-101, Hateful Memes, MM-IMDb, Fer-
ramenta) and audio-visual (e.g., avMNIST and VoxCeleb) datasets using
modality-complete data. Best results are bold; second best are underlined.

UPMC Food-101 [59]

Method Acc.
Wang et al. [59] 85.1
Fused Rep. [114] 85.7
CLIPPO [357] 91.2
CentralNet [123] 91.5
ViLT [210] 91.9
Ma et al. [271] 92.0
MMBT [131] 92.1
BL [162] 92.5
Chameleon 92.9 ± 0.3

Hateful Memes [165]

Method AUROC
MMBT-G [131] 67.3
ViLT [210] 70.2
Clippo [357] 70.7
Ma et al.[271] 71.8
MMBT-R [131] 72.2
Visual BERT [134] 73.2
ViLBERT [136] 73.4

Chameleon 73.1 ± 0.6

MM-IMDb [123]

Method F1 Macro
CBGP [108] 52.9
CBP [62] 53.2
GMU [79] 53.9
Lee et al. [334] 54.0
ViLT [210] 55.3
MFAS [144] 55.7
CentralNet [123] 56.1

Chameleon 51.5 ± 0.5

Ferramenta [81]

Method Acc.
Ferramenta [81] 92.9
Fused Rep. [114] 94.8
IeTF [104] 95.2
Two-Branch [275] 96.2
MHFNet [371] 96.5
Chameleon 96.9 ± 0.4

avMNIST [123]

Method Acc.
Moddrop [53] 94.8
Gated Multimodal
Unit [79]

94.1

CentralNet [123] 95.0
SMIL [219] 98.2
Chameleon 99.5 ± 0.2

VoxCeleb [92]

Method Acc.
FOP [275] 92.9
SBNet. [353] 94.8
Chameleon 96.9 ± 0.4

Ferramenta, avMNIST, and VoxCeleb. Overall, the results demonstrate

that Chameleon is capable of realizing a performance comparable with

that of existing SOTA multimodal methods when learning from multiple

modalities.

3.3.2 Evaluations Under Modality-missing Setting

In this section, we provide detailed comparisons with existing SOTA

methods by extensively evaluating Chameleon on missing modality sce-

narios.

Missing Modalities During Testing

Table 25 compares Chameleon with other methods: multimodal Trans-

formers (ViLT [210], Ma et al. [271], CLIPPO [357]), and large vision-

language model (LLaVA [340]) for varying amounts of missing modality

on textual-visual datasets including UPMC Food-101, Hateful Memes,

MM-IMDb, and Ferramenta during testing. As seen, Chameleon out-

performs compared methods on UPMC Food-101, Hateful Memes, and

Ferramenta demonstrating resilience against missing modalities. For ex-

ample, in the case when only 10% of text modality is available on the

55



Table 25: Comparison of Chameleonwith different levels of available modal-
ity at test time using textual and visual datasets (e.g., UPMC-Food-101, Hate-
ful Memes, MM-IMDb, and Ferramenta). Comparison is provided with
multimodal Transformers (ViLT [210]∗, Ma et al. [271], and CLIPPO[357]).
∗ViLT values are taken from Ma et al. [271]. Boldface and underline denote,
respectively, the best and second-best results. † indicates our implementation.

Data
Training Testing

ViLT∗ Ma et al. CLIPPO† LLaVA†
Image Text Image Text

Chameleon

F
o

o
d

-1
01

100% 100% 100% 100% 91.9 92.0 91.2 92.2 92.9
100% 100% 100% 90% 88.2 90.5 89.6 90.3 90.5
100% 100% 100% 70% 80.7 87.1 86.3 87.2 87.8
100% 100% 100% 50% 73.3 82.6 81.9 83.0 83.7
100% 100% 100% 30% 65.9 77.5 78.1 78.9 79.5
100% 100% 100% 10% 58.4 73.3 74.1 75.4 75.9

H
at

ef
u

l
M

em
es 100% 100% 100% 100% 70.2 71.8 70.7 70.7 73.1

100% 100% 100% 90% 68.8 69.7 70.3 70.5 71.9
100% 100% 100% 70% 65.9 66.6 70.0 70.3 71.5
100% 100% 100% 50% 63.6 63.9 69.3 69.9 70.0
100% 100% 100% 30% 60.2 61.2 69.0 69.8 70.5
100% 100% 100% 10% 58.0 59.6 68.1 69.5 69.7

M
M

-I
M

D
b

100% 100% 100% 100% 55.3 55.0 28.4 59.3 51.5
100% 100% 100% 90% 51.8 53.8 27.5 56.7 49.5
100% 100% 100% 70% 45.1 52.0 25.6 51.3 45.3
100% 100% 100% 50% 38.9 46.6 23.6 44.0 41.7
100% 100% 100% 30% 31.2 41.8 21.2 36.7 38.7
100% 100% 100% 10% 23.1 37.3 18.9 27.4 36.7

F
er

ra
m

en
ta

100% 100% 100% 100% 95.9 - 93.4 94.8 96.9
100% 100% 100% 90% 68.1 - 91.6 94.0 95.3
100% 100% 100% 70% 60.8 - 89.9 93.4 95.0
100% 100% 100% 50% 60.4 - 88.7 93.0 93.7
100% 100% 100% 30% 54.2 - 86.1 92.7 92.9
100% 100% 100% 10% 51.3 - 84.6 92.0 92.3

UPMC Food-101 dataset, Chameleon demonstrates an accuracy of 75.9%.

In comparison, ViLT [210], Ma et al. [271], CLIPPO [357] and LLaVA

demonstrate performances of 58.4%, 73.3%, 74.1%, and 75.4%, respec-

tively. Similar trends are noticeable on Hateful Memes and Ferramenta

datasets. In the case of MM-IMDb dataset, though the performance of

Chameleon is lower when all modalities are available, it outperforms

ViLT, CLIPPO and LLaVa when a modality is severely missing. Overall,

considering all four textual-visual datasets presenting 24 scenarios of

complete and missing modality, Chameleon outperforms all compared

methods in 18 while second best in 2 scenarios. Another interesting ob-

servation is seen when results of Chameleon are compared to CLIPPO

which can be considered a baseline that renders text directly as an im-
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age. The superior performance of Chameleon demonstrates that directly

rendering text as input may not be an optimal choice compared to our

proposed feature encoding approach. Furthermore, we compare results

with a large-scale vision-language model (LLaVA), which converts image

features to textual tokens. Though the methodology is different com-

pared to Chameleon, the essence of converting one modality into the

other is similar. Comparing results directly with CLIPPO and LLaVA

demonstrates the effectiveness of the design choices in Chameleon. Fur-

thermore, Fig. 7 compares Chameleon with other methods: FOP [275]

and SBNet [353] for varying amounts of missing modality on audio-visual

dataset (VoxCeleb). As seen, Chameleon significantly outperforms com-

pared methods demonstrating resilience against missing modalities.

The overall persistent robustness to missing modality of Chameleon

compared to existing methods across various challenging datasets and sce-

narios is attributed to proposed framework that enables the training of all

input modalities in a common learning space. This way, if one modality is

missing during testing, Chameleon shifts its focus to the available modal-

ity, thus yielding higher performance leveraging multimodal knowledge.

More insights on this are provided in Fig. 6 where Grad-CAM visual-

izations clearly show the shifting of focus from multimodal data to the

available modality for predictions. More visual examples are provided in

the supplementary material.

Missing Modalities During Training

Derived from the motivation that modality can be missing in any data sam-

ple, Lee et al. [334] recently extended the evaluation protocol on textual-

visual datasets by introducing scenarios of missing modality during train-

ing and testing, i.e., 30% of one modality is available against 100% of

the other modality at train and test time. Table 26 compares Chameleon

with existing methods ViLT [210], Lee et al. [334], and CLIPPO [357] us-

ing this protocol on UPMC Food-101, Hateful Memes, and MM-IMDb

datasets. In most scenarios, Chameleon demonstrates comparable or

better performance than existing methods. Notably, compared to CLIPPO,

Chameleon demonstrates robustness to missing modalities during train-
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Table 26: Comparison of Chameleon with ViLT [210]∗, Lee et al. [334], and
CLIPPO [357] on UPMC Food-101 [59], Hateful Memes [165], and MM-
IMDb [79] under different missing modality settings during training and
testing. ∗ViLT values are taken from Lee et al. [334]. Boldface and under-
line denote, respectively, the best and second best results. † indicates our
implementation.

Data
Training Testing

ViLT Lee et al. CLIPPO†
Image Text Image Text

Chameleon

Food-101
100% 100% 100% 100% 91.9 92.0 91.2 92.5
100% 30% 100% 30% 66.3 74.5 77.5 78.0
30% 100% 30% 100% 76.7 86.2 83.6 83.8

Hateful Memes
100% 100% 100% 100% 70.2 71.0 70.7 73.9
100% 30% 100% 30% 60.8 59.1 60.9 69.4
30% 100% 30% 100% 61.6 63.1 58.4 62.1

MM-IMDb
100% 100% 100% 100% 46.0 54.0 28.4 51.5
100% 30% 100% 30% 35.1 39.2 23.6 36.6
30% 100% 30% 100% 37.7 46.3 23.3 50.6

Table 27: Performance analysis of Chameleon with various visual networks
using UPMC-Food-101, and Hateful Memes datasets.

Dataset (Performance Metric) ResNet-101 Adapter ViT

UPMC Food-101 (Accuracy) 89.5 90.1 92.9

Hateful Memes (AUROC) 70.9 71.3 73.9

ing and testing thus reiterating the importance of our encoding scheme.

Furthermore, Fig. 8 compares Chameleonwith other methods: SMIL [219],

Autoencoder (AE) [133], and Generative Adversarial Network (GAN) for

varying amounts of missing modality on audio-visual (avMNIST). As

seen, Chameleon significantly outperforms compared methods on avM-

NIST demonstrating resilience against missing modalities.

3.3.3 Analysis and Discussion

We provide further analysis on Chameleon including its application to

different visual networks, embedding extractors, dataset specific opti-

mizations, and visualizations for further insights.
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Figure 7: Comparison of Chameleon with FOP [275], and SBNet [353]
on audio-visual dataset (e.g., VoxCeleb) under different levels of missing
modality at test time.

Is Chameleon Agnostic to the Visual Network?

Chameleon can generally adapt any visual network for training. Inves-

tigating the extent to which the visual classification network influences

performance, we conduct a series of experiments, using CNN (ResNet-

101)[64], ViT [161], and Adapter [405]. The results of these experiments are

summarized in Table 27 on a complete set of modalities. While adapting

ResNet-101 yields 89.5% accuracy and 70.9% AUROC on UPMC Food-101

and Hateful Memes respectively, using Adapter [405] boosts the perfor-

mance to 90.1% and 71.3%. Finally, using ViT yields the best performance

of 92.9% and 73.9% on corresponding datasets. While the trend con-

forms with the existing literature comparing ResNets, ViTs, and Adapters,

the overall competitive performance demonstrates that Chameleon is

agnostic to the vision network.

Is Chameleon Suitable for Other Multimodal Task?

We conduct experiments to perform cross-modal verification task with

Chameleon to establish face-voice association using VoxCeleb [92] dataset.
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Figure 8: Comparison of Chameleon with SMIL [219], Autoencoder
(AE) [133], and Generative Adversarial Network (GAN) on avMNIST; an
audio-visual dataset. (Left) training with 100% Image + n% Audio and test-
ing with Image Only. (Right) training with 100% Image + 20% Audio and
testing with Image + Audio.

(a) UPMC Food-101 (b) Hateful Memes

Figure 9: Comparisons of Chameleon with ViLT [210] and Ma et al. [271]
on various levels of missing textual modality during testing on textual-
visual datasets (e.g., UPMC Food-101 and Hateful Memes). A smaller drop
in performance by our approach in most cases signifies its effectiveness
towards training multimodal Transformer resilient to missing modalities
without dataset-centric fusion strategies.
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Table 28: Cross-modal verification results on unseen-unheard configura-
tions of Chameleon and existing state-of-the-art methods. Best results are
highlighted in bold text whereas the second best are underlined.

Method EER ↓ AUC ↑

Unseen-Unheard

DIMNet [152] 24.9 -
Learnable Pins [112] 29.6 78.5
MAV-Celeb [223] 29.0 78.9
Single Stream Net. [140] 29.5 78.8
Multi-view [231] 28.0 -
AML [247] - 80.6
DRL [225] 25.0 84.6
FOP [275] 24.9 83.5
SBNet. [353] 25.7 82.4
Chameleon 24.0 83.6

We compare the performance of Chameleon against several SOTA face-

voice association methods including DIMNet [152], Learnable Pins [112],

MAV-Celeb [223], Single Stream Network [140], Multi-view [231], Adver-

sarial Metric learning [247] (AML), Disentangled Representation Learn-

ing [225] (DRL), FOP [275], and Single Branch Network [353] (SBNet)

Table 28 shows the results of cross-modal verification task on unseen-

unheard configuration. We observe that Chameleon outperforms the

other SOTA methods in terms of EER metric by achieving the EER scores

of 24.0% whereas the existing best FOP [275] obtains the EER score of

24.9%. In terms of AUC metric, Chameleon obtains the favorably better

score of 83.6% as compared to the DRL [225] that achieves the score of

84.6%.

Embedding Extractors

Chameleon can generally encode any audio or textual embedding for

training. In Table 29, we compare the performance of various textual

embeddings (e.g., AngIE [337], CLIP [227], MPNet [176], Bert [127] and

Doc2Vec [29]) on UPMC Food-101 and Hateful Memes datasets under

different levels of missing modality. Though, best performance is obtained

with AngIE embeddings, other representations such as CLIP and MPNet

also produces competitive results on complete as well as various levels of
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Table 29: Comparison of different embeddings to encode textual modality
under different levels of missing modality at test time.

Data
Testing

Doc2Vec Bert MPNet CLIP AnglE
Image Text

F
o

o
d

100% 100% 85.5 89.4 92.2 92.3 92.9
100% 90% 87.5 84.4 90.3 90.5 90.5
100% 50% 79.4 79.9 82.9 83.4 83.7
100% 10% 73.4 74.4 75.0 75.2 75.9

M
em

es

100% 100% 69.8 69.9 70.8 73.4 73.9
100% 90% 69.1 69.4 70.8 71.5 71.9
100% 50% 68.9 69.0 69.3 69.9 70.0
100% 10% 68.3 68.9 68.9 69.6 69.7

missing modalities.

Are Dataset-specific Transformers Necessary?

Ma et al. [271] have observed that multimodal Transformers are not only

sensitive to missing modalities but different design choices, such as fu-

sion strategy, should be tailored to the dataset. They further conclude

that it may not be possible to design a general multimodal Transformer

architecture to be used across datasets. In contrast, with our proposed

design of encoding audio or text modality into visual format and then

training a visual network such as ViT, Chameleon becomes independent

of dataset-centric components. To evaluate this, we train two separate

ViTs on the UPMC Food-101 and Hateful Memes datasets. Each model

is then evaluated on different levels of missing textual modality at test

time. Fig. 9 shows the corresponding results and compares the perfor-

mances with ViLT [210] and Ma et al. [271]. As Ma et al. have proposed

dataset-optimal fusion strategies, their approach demonstrates robustness

to missing modality compared to ViLT. Chameleon, on the other hand

demonstrates superior resilience against missing modality while training

on similar ViTs without any changes across datasets. As seen, Chameleon

enables the training of dataset-agnostic transformers capable of handling

severe missing modalities.
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Table 30: Comparison of word- and sentence-level embeddings using UPMC-
Food-101, and Hateful Memes datasets.

Dataset (Performance Metric) Word Sentence

UPMC Food-101 (Accuracy) 92.5 92.9

Hateful Memes (AUROC) 73.9 73.1

Comparison Between Word-level and Sentence-level Embeddings

Chameleon utilizes non-visual-modality embeddings that are subse-

quently encoded into a common input modality. This enables any non-

visual modality (e.g., audio or text) to be encoded into a visual format

to train the network. However, in the case of text, another possibility of

extracting embeddings would be to utilize word-level encoders (see Sup-

plementary Section 3 for more details on word-level embedding). Table 30

compares word and sentence-level embedding performance on UPMC

Food-101 and Hateful Memes datasets. As seen, the performance on both

word and sentence embeddings are comparable, either one of them can

be used depending on the task and application.

Embedding Space Analysis

We plot results of t-SNE projections to take a peek into the embedding

space of Chameleon trained on UPMC Food-101 dataset and provide

comparisons with ViLT [210] in Fig. 10. Comparisons are provided under

the following three settings: Fig. 10a & d) complete modalities during

training and testing, b & e) complete modalities during training but 100%

missing textual modality during testing, and c & f) complete modalities

during training but 100% missing visual modality during testing. In the

case of multimodal training/testing, compared to ViLT, Chameleon is

able to project modalities belonging to the same classes closer to each

other while demonstrating inter-class separability (Fig. 10a & d). This

highlights the success of Chameleon in training a robust multimodal

learning method. Finally, in the case of multimodal training but 100%

missing modality during testing (Fig. 10b, c, e & f), although some distor-

tions are noticeable, compared to ViLT, Chameleon successfully retains
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the overall separability of the classes under such severe missing modality

case. This demonstrates the resilience of Chameleon towards missing

modalities.

Limitations

While advantageous in most missing modality cases, utilizing text as an

image has its limitations as well. For example, in the case of longer text

descriptions, the network struggles to learn joint representation of multi-

ple modalities as well as achieving robustness to missing modalities. This

phenomenon can be observed in Tables 25 & 26 where CLIPPO, utilizing

rendered text as an image, performs notably lower than its counterpart

networks. In the case of Chameleon, this problem is partially handled

as we convert the textual embedding into encoded visual representations

before training a network. This way, longer texts are summarized into

compact encoded visual representations thus yielding superior perfor-

mance.

3.4 Chapter Summary

In this chapter, we presented a multimodal learning framework that en-

codes embeddings of non-visual modality into visual format to learn

modality-independent representations of the input modalities. The com-

mon input format facilitates joint representation learning by sharing

weights across multiple modalities resulting in multimodal learning ro-

bust to missing modalities. Extensive experiments are performed on

UPMC Food-101, Hateful Memes, MM-IMDb, Ferramenta, avMNIST, and

VoxCeleb. The proposed method is thoroughly evaluated on complete

modalities as well as missing modalities during training and testing. The

experimental results indicate that the proposed framework obtains supe-

rior performance when a complete set of modalities is available. In the

case of missing modalities, the performance deterioration is noticeably

smaller than that of the existing multimodal learning methods, indicating

significant robustness of Chameleon.
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Figure 10: t-SNE visualizations of the embedding space of Chameleon
(a - c) and ViLT (d - f) along with accuracy on test set of UPMC Food-
101. Compared to ViLT, Chameleon not only enhances the classification
boundaries when complete modalities are available at test time but also
retains these boundaries when the textual or visual modality is completely
missing during test time. Note that classes are selected randomly from the
test set.
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Chapter 4

RobustA: Multimodal
Robustness Under
Corrupted Modalities

Video anomaly detection (VAD) is a challenging computer vision task

with various real-world applications including surveillance, autonomous

navigation, packaging, and biomedical imaging [344]. Generally, VAD

methods aim to predict high anomaly scores for the frames in a video

that deviate significantly from the norm, where the application context

determines the norm. For example, events such as shoplifting or violence

can be considered anomalies in the CCTV surveillance context [180]. Since

it is laborious to obtain fine-grained (pixel-level or frame-level) labels of

anomalies in videos, a weakly-supervised VAD (WS-VAD) setting that

learns to detect anomalous frames using only video-level binary labels

is typically used. In WS-VAD, a training video is labeled as normal if

no anomalous event is present, whereas it is labeled as an anomaly if

any anomalous event is present [122], [294], [312]. In recent years, WS-

VAD has gained considerable popularity and became a mainstream VAD

The contents of this chapter are taken from our work ”RobustA: Robust Anomaly
Detection in Multimodal Data”, available at http://arxiv.org/abs/2511.07276. The
corresponding code and data resources are accessible via GitHub at: https://github.
com/salemalmarri/RobustA.
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Figure 11: Existing multimodal anomaly detection approaches [180], [237],
[426] are not robust when subjected to corruptions in either modality, includ-
ing vision (e.g., fog and motion blur) or audio (e.g., babble).

paradigm [120], [122], [139]. More recently, WS-VAD has been trans-

formed into a multimodal learning task by including other informative

modalities such as audio to discriminate and locate events better [180],

[291]. For instance, it is challenging to rely only on visual signals in

shaky videos covering an explosion event. However, if accompanied by

the audio modality, the event can be easily classified. Prior works have

successfully shown the effectiveness of using video and audio pairs to

improve the overall performance of WS-VAD [180], [287], [387].

Despite their many advantages, deep neural network models are vul-

nerable to typical corruptions in the input data (e.g., degradations, distor-

tions, and disturbances caused by weather changes, system errors, etc.)

[327]. Though multimodal learning systems achieve better performance

on multimodal data [415] compared to their unimodal counterparts, they

are also susceptible to such vulnerabilities. Multimodal VAD systems,

in particular, are prone to such issues (see Fig. 11), as they are often

subjected to extreme environmental conditions [242]. For this reason, it
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is essential to design methods that can withstand corrupted data during

deployment. While it may be possible to achieve this goal by including

corrupted data during the training process, this work aims to evaluate the

robustness of multimodal VAD systems trained only on clean data, when encoun-

tering corrupted data during deployment. Existing literature lacks a detailed

study and appropriate dataset that investigates the impact of corrupted

modalities on WS-VAD and multimodal VAD systems.

In this work, we empirically investigate this problem with a proposed

dataset, RobustA, specifically to study this issue. We observe that ex-

isting multimodal anomaly detection models deteriorate dramatically

under corrupted data. For example, in Fig. 11, the performance of XD-

VioDet [180] drops from 78.36% to 58.70% when exposed to fog in visual

modality during testing. To alleviate this issue, we propose a robust

anomaly detection method that is resilient against corrupted modalities.

The proposed method independently maps multiple modalities into a

shared representation space. This shared space can be particularly bene-

ficial in scenarios where one modality is compromised. For example, if

one modality becomes distorted, inaccurate, noisy, or is entirely missing,

the shared space can leverage information from the remaining modalities

to compensate for the loss. Results reported in Section 4.3.2 suggest that

our approach not only yields better multimodal performance but also

demonstrates resilience against corruptions.

The key contributions of our work are as follows:

• We present RobustA, a first-of-its-kind, carefully curated dataset

comprising 8 visual corruptions and 8 audio corruptions, enabling

evaluation of the multimodal anomaly detection methods against

various types and levels of modality corruptions.

• We propose an anomaly detection approach that independently

maps multiple modalities to learn representations in a shared space

while dynamically adjusting the weights of individual modalities

to reduce the impact of the compromised modality towards multi-

modal anomaly detection.

• We study the plug-and-play nature of our proposed approach,
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demonstrating its resilience against compromised modalities when

used in conjunction with existing approaches.

4.1 Weakly Supervised Video Anomaly Detec-

tion and Multimodality

Weakly Supervised Video Anomaly Detection (WS-VAD) refers to the

process of identifying abnormal events in a given video while the training

is carried out using only video-level binary labels. The problem was first

introduced by Sultani et al. [122] where the authors utilized multi-instance

learning based ranking to carry out the overall training. The research

was advanced by several researchers [187], [188], [293]. However, most of

these studies are focused on unimodal (video-only) training and testing.

More recently, anomaly detection task is transformed into multimodal

learning where more than one modalities (usually vision and audio) are

present during training and testing. For example, XDVioDet [180] uti-

lized a multi-branch neural network comprising holistic, localized, and

score branches to effectively leverage multimodal feature representations.

Similarly, HyperVD [426] proposed a method using two graph-based

hyperbolic convolutional networks for spatio-temporal feature extraction

from multimodal input. While the multimodal anomaly detection task

has gained popularity due to superior performance compared to the uni-

modal counterpart approaches, existing literature lacks rigorous studies

understanding the adverse effects of compromised data on multimodal

learning systems. As, CCTV surveillance cameras equipped with anomaly

detection systems are highly prone to environmental corruptions, it is

pertinent to explore this novel research direction.

4.1.1 Addressing Compromised Modalities

Corrupted Modalities. Data collected from diverse multiple sources

may contain corrupted samples due to various factors, such as sensor

failure, obstructions in the video stream, noise in audio signals, data

storage errors, and many more. Recent years have seen an increased
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interest in investigating the vulnerability of deep models against modality

corruptions [91], [268], [329], [367], [380]. For example, Hendrycks et

al. [129] built benchmarks to evaluate the performance of various Con-

volutional Network Networks on the image classification task. Similarly,

Yi et al. [242] curated robust video classification benchmark to evaluate

state-of-the-art Convolutional Networks and Transformers against video

corruptions. The growing interest has also broadened to multimodal

learning where handling compromised modalities is critical to improve

performance and robustness. For example, Beemelmanns et al. [380]

introduces MultiCorrupt framework to evaluate the robustness of multi-

modal 3D object detectors against various corruption categories. Similarly,

Hong et al. [322] proposed a multimodal input corruption modeling to

develop robust audio-visual speech recognition models. These studies

demonstrate that the performance of unimodal or multimodal methods

deteriorate dramatically when a modality is corrupted.

Missing Modalities Multimodal learning has shown remarkable perfor-

mance improvements over unimodal methods. However, such methods

exhibit deteriorated performances if one or more modalities are miss-

ing [219], [271], [386], [450]. Considering the significance of multimodal

learning, recent years have seen an increased interest in studies address-

ing missing modalities for various tasks including classification, such as

[334], [338], [439].

While these methods have notably enhanced model robustness in address-

ing compromised modalities across various application areas, to the best

of our knowledge, there remains a gap in the literature for the multimodal

anomaly detection task. In this work, we investigated the robustness

of multimodal anomaly detection under a carefully crafted dataset of

compromised modalities. Moreover, we propose a robust approach that

maintains superior performance when faced with extreme missing and

corrupted modalities.
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Figure 12: Architecture of our approach. Modality-specific features are ex-
tracted using pre-trained audio and visual encoders. A linear projection is
used to match the feature dimensions. Modality embeddings are indepen-
dently mapped to learn representations in a shared space. During inference,
the shared learning space helps mitigate the adverse effects of modality
corruptions. Moreover, a dynamic weighting scheme is utilized to adjust the
weights of the corrupted modality for better anomaly detection.

4.2 Methodology

4.2.1 Background and Overview

Existing methods generally concatenate audio and visual embeddings

to learn fused representations for the multimodal anomaly detection

task [180], [287], [393], [426]. While effective under modality-complete

settings, these methods rely heavily on the complete availability of modal-

ities and suffer dramatic performance deterioration when a modality is

corrupted or missing. Since surveillance data may involve corruptions

due to weather conditions, connection latency, broken/tempered equip-

ment, etc., a lack of robustness against such scenarios may deter the

deployment of these methods in real-world applications. In this work,

we develop an approach to learn multimodal representations by mapping

audio and visual modalities independently into a common feature space. This

enables the model to maintain robustness when a modality is compromised by

leveraging a shared representation of cross-modal interactions, effectively
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compensating for missing or corrupted modality data. The proposed

approach is illustrated in Fig. 12 and the details are discussed next.

4.2.2 Preliminaries

Given a dataset of n videos, each video V is preprocessed into m non-

overlapping audio and visual segments and passed to a pre-trained fea-

ture extractor. The audio and video feature extractors generate the feature

embeddings EA ∈ R
m×dA and EV ∈ R

m×dV for each video, respectively

with the feature dimensions are denoted as dA and dV . The class label

y ∈ {1, 0} indicates the presence (1) or absence (0) of anomalous events in

the video. The goal is to learn an anomaly detector Aθ(E
∗) that takes a

feature vector (audio or visual) as input and predicts an anomaly score in

the range of 0 and 1.

4.2.3 Learning a Shared Representation Space

Prior multimodal anomaly detection methods rely on concatenation of

audio and visual representations and learning the anomaly detector based

on the concatenated representation. Given the audio and visual feature

embeddings EA and EV for n training videos in a dataset, Eq. 4.1 outlines

the traditional fusion-based learning approach utilizing Multi-Instance

Learning (MIL) loss [180]:

Ltotal =

n
∑

i=1

LMIL(Aθ(E
A||EV ), yi), (4.1)

where EA||EV is the fused multimodal representation obtained by con-

catenation of EV and EA, allowing the architecture to capture the inter-

modality relationship. Consequently, the success of these methods is

highly dependent on the availability of both modalities during inference.

To alleviate this dependence on modality completeness, we propose a

method that learns multimodal representations by mapping each modal-

ity independently into a shared space.

Specifically, we map individual modality independently into a com-

mon representation space, enabling the model to capture inter- and intra-
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modality relationships through cross-modal data interactions. As a result,

when a modality is compromised, the model compensates by leveraging

the shared representation space. Thus, Eq. 4.1 needs to be modified as

follows:

Ltotal =

2n
∑

i=1

LMIL(Aθ(E
∗
i ), yi) (4.2)

where E∗ is randomly sampled from either EV or EA. However, in ex-

isting methods [180], depending on the choice of feature extractor, the

output dimensions of EV and EA are usually inconsistent. To address this

issue, we introduce a linear projection module Pϕ that transforms EA to a

higher dimensional space, matching the dimension of EV . Thus, E∗ in Eq.

(4.2) will be randomly sampled from either EV or Pϕ(E
A). The parame-

ters θ of the anomaly detector and ϕ of the projection module are learned

by minimizing the total loss Ltotal. Intuitively, the proposed approach

attempts to learn a single modality-agnostic anomaly detector, which

implicitly forces the two modalities to share a common representation

space.

4.2.4 Dynamic Weighting During Inference

As the anomaly detector is agnostic to the input modality, it is possible

to obtain an anomaly score using both audio and visual features during

inference. Hence, a strategy to optimally combine individual anomaly

scores is needed to achieve good multimodal performance. A straightfor-

ward approach would be to compute the weighted average of the anomaly

scores produced by the anomaly detector A for each modality in a late

fusion manner. For instance, the final anomaly score S for a given video

segment based on audio-visual features can be obtained as:

S = λAA(E
A
) + λV A(E

V
), (4.3)

where E
A

and E
V

are the audio and visual feature embeddings of the test

sample, respectively, which may also contain a compromised modality.
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Here, λA and λV are the weights assigned to the audio and visual modali-

ties, respectively, and these weights are linearly normalized such that they

add up to 1. In a naive approach, λA and λV can be set to 0.5 giving equal

weightage to both modalities. While, as shown in our experiments, this

approach works reasonably well due to the shared representation space

mitigating the impacts of an individual compromised modality, a more

sophisticated approach may be required to handle extreme corruption in

one of the modalities.

Since the training data does not have prior information about the com-

promised modality (since training is performed only on clean data), we

devise a dynamic weighting scheme based on the clean data distribution.

Specifically, we fit a Gaussian Mixture Model (GMM) to the clean (non-

corrupted) training visual features and evaluate if the test data matches

with this clean data distribution. Let GV denote a K-component GMM

with parameters {πk,µk,Σk}Kk=1
representing the clean distribution of vi-

sual features, where πk, µk, and Σk denote the mixture probability, mean,

and covariance matrix, respectively, of the k-th Gaussian component.

The negative log-likelihood ℓ of the test features (E
V
) is then com-

puted using the fitted GMM as follows:

ℓ
(

E
V )

= − log

[

k
∑

k=1

πk N
(

E
V ⃓

⃓µk,Σk

)

]

(4.4)

where N denotes the likelihood of observing the feature vector E
V

under

the kth Gaussian component of the mixture model. A higher ℓ value

indicates that the sample is more likely to be compromised, while a lower

value of ℓ suggests the sample is clean. Finally, λV is computed using a

sigmoid function as:

λV =
0.5

1 + exp
(

c
[

ℓ
(

E
V )

+ x0

]

) , (4.5)

where c and x0 are the scale and shift hyperparameters that shape the

sigmoid function, respectively. The above equation maps the negative

log-likelihood ℓ
(

Ē
V
)

to a value of λV between 0 and 0.5. Similarly, the
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Figure 13: Examples of a few visual and audio corruptions demonstrating
the challenging scenarios presented in our proposed benchmark.

value of λA can also be computed and the two weights can be linearly

normalized so that they sum to 1. Extensive ablation studies on the pro-

posed dynamic weighting scheme are provided in Section 4.4.1, which

demonstrate the effectiveness of our approach. When one of the modali-

ties is completely missing, its corresponding weight is set to zero because

the anomaly score for that modality cannot be computed.

4.2.5 Modality Corruptions

In this work, we propose a carefully curated dataset, RobustA, to eval-

uate the critical impacts of audio/visual corruptions on the overall per-

formance of multimodal anomaly detection systems. To the best of our

knowledge, RobustA is the first rigorous attempt to study anomaly de-

tection in such scenarios. We leverage XD-Violence multimodal anomaly

detection dataset as the base to create several corruption scenarios, by

varying the type and severity level, for both audio and visual modalities.

We choose these modalities because of their globally standard availability

in the existing real-world CCTV systems, while other modalities, such as

text, lack practical application. Examples of some visual corruptions and
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audio corruption mel spectograms [52], [109] are provided in Figure 13.

Types of Corruptions in Visual Modality. We consider the following

corruptions in the visual modality: Bit error, brightness, contrast, fog, rain,

motion blur, saturation, and shot noise. Details about each corruption

and its implementation are provided in the Supplementary.

Types of Corruptions in Audio Modality. We consider the following

corruptions in the audio modality: Overlay, bit error, pitch shift, random

dropout, and reverb. Details about each corruption and the implementa-

tion details are provided in the Supplementary.

Number of Corrupted Samples. We consider varying numbers of cor-

rupted modality samples. In particular, we consider 0%, 10%, 30%, 50%,

70%, 90%, and 100% of samples in each modality as corrupted.

Table 31: Comparison of our approach and baseline under various cor-
ruption types and corruption levels (percentages). AP(%) is used as the
evaluation metric (higher is better). Bold represents best performance in each
comparison.

Corruption Levels 0% 10% 30% 50% 70% 90% 100%

Corruption Modality [180] Ours [180] Ours [180] Ours [180] Ours [180] Ours [180] Ours [180] Ours

Bit Error Visual 78.36 80.00 77.41 79.19 72.57 76.67 72.48 76.35 68.21 74.70 66.61 74.78 65.55 74.45
Brightness Visual 78.36 80.00 77.39 79.30 76.35 77.74 75.54 77.02 75.06 76.23 74.34 75.42 73.76 74.72
Contrast Visual 78.36 80.00 77.08 78.67 69.84 75.75 66.82 74.44 59.85 71.86 54.54 70.35 52.47 69.21
Fog Visual 78.36 80.00 76.45 78.05 69.21 73.47 68.87 72.87 62.32 69.68 60.48 69.26 58.70 67.97
Rain Visual 78.36 80.00 77.73 79.52 74.27 77.66 72.88 77.16 70.94 75.54 69.43 74.56 68.69 73.89
Motion Blur Visual 78.36 80.00 77.22 78.73 74.45 77.02 74.03 76.46 71.43 74.55 70.28 73.80 69.46 73.08
Saturate Visual 78.36 80.00 77.02 78.84 73.64 77.14 69.94 76.10 68.20 75.19 65.57 74.26 65.23 73.86
Shot Noise Visual 78.36 80.00 77.69 79.10 74.65 76.08 74.60 75.62 72.35 73.62 71.40 72.72 70.99 71.68
Average Visual 78.36 80.00 77.25 78.93 73.12 76.44 71.90 75.75 68.54 73.92 66.58 73.14 65.61 72.36

Babble Audio 78.36 80.00 77.16 79.06 75.18 77.64 72.65 74.36 70.94 73.29 68.57 70.96 68.21 70.45
Bitrate Audio 78.36 80.00 77.03 78.45 75.60 76.66 72.76 72.37 71.12 70.21 68.67 65.48 68.31 65.11
HF Channel Audio 78.36 80.00 76.37 79.01 73.73 77.77 69.36 73.24 67.59 72.09 65.35 69.78 65.56 69.47
Pink Audio 78.36 80.00 76.32 79.02 73.45 77.94 68.97 73.63 67.30 72.67 64.99 70.85 65.36 70.60
Pitch Shift Audio 78.36 80.00 76.24 78.87 73.49 77.62 69.53 72.83 67.01 71.23 63.66 66.91 63.07 66.39
Random Dropout Audio 78.36 80.00 76.45 78.93 74.22 77.70 69.80 73.05 67.79 71.81 64.01 66.92 63.53 66.48
Reverb Audio 78.36 80.00 76.65 79.01 75.02 77.78 71.99 73.23 70.01 71.90 67.01 70.02 66.84 69.73
White Audio 78.36 80.00 76.48 78.95 73.69 77.81 69.24 73.48 67.88 72.36 66.02 70.43 66.60 70.21
Average Audio 78.36 80.00 76.59 78.91 74.30 77.74 70.41 73.27 68.71 71.94 66.04 68.92 65.94 68.56

Missing Visual Visual 78.30 80.00 75.10 76.94 69.50 71.87 63.10 71.18 58.20 68.61 52.10 68.00 49.50 67.15
Missing Audio Audio 78.36 80.00 77.30 78.86 75.20 77.96 73.90 74.75 72.50 73.91 70.00 72.74 69.10 72.55

Mixed Corruptions Visual 78.36 80.00 77.70 79.54 73.93 78.15 73.75 78.65 72.75 77.35 72.09 77.15 71.45 76.27
Mixed Corruptions Audio 78.36 80.00 76.94 79.09 74.77 77.62 72.40 74.13 70.48 72.99 67.71 70.50 67.14 69.97

Motion Blur+Babble Audio+Visual 78.36 80.00 75.71 77.59 70.91 73.54 67.19 69.03 61.94 64.22 56.82 60.13 54.66 58.04
Brightness+Rand. Dropout Audio+Visual 78.36 80.00 75.42 78.08 71.66 74.49 65.20 67.83 61.62 65.11 56.05 56.94 54.19 55.12
Bit Error+HF-Channel Noise Audio+Visual 78.36 80.00 74.56 78.07 69.43 74.29 62.89 70.27 55.53 65.87 47.73 60.60 45.50 59.47
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4.3 Experiments

4.3.1 Implementation Details

Feature Extraction: For feature extraction of visual modality, we employ

ResNet-I3D model pretrained on Kinetics-400 dataset. Following prior

work [237], we perform 10-crop augmentation by using a 16 frame sliding

window with a sample rate of 24 FPS. The audio embeddings are extracted

by using the VGGish network [83] pre-trained on large-scale YouTube

dataset. Moreover, the extraction is performed by pre-processing the

audio signal into 960 ms of overlapping segments and setting 96× 64 bin

size for the mel-spectrogram.

Training Details: We trained the proposed architecture on Nvidia RTX

A100 for 50 epochs using Adam optimizer with initial learning rate of

10−5 and dynamic adjustment using multi-step cosine scheduler. We use

a batch size of 640 and weight decay of 0.00001.

Backbone Network: We adopt XDVioDet [180] as the primary backbone

network in our experiments (also referred to as baseline hereafter) and

provide extensive comparisons with it. In addition, to explore the general

applicability of our proposed approach, we provide additional experi-

ments on two other models as backbone networks, including RTFM [237]

and HyperVD [426]. Nevertheless, unless specified otherwise, the results

are reported with XDVioDet as the primary backbone network.

Dataset: We use XD-Violence multimodal anomaly detection dataset [180]

as a stepping stone for our dataset. More specifically, we apply corrup-

tions on the test set of the XD-Violence dataset based on the details pro-

vided in Section 4.2.5 to create RobustA. Similar to the original dataset,

the train and test splits include 3, 954 and 800 anomalous and normal

videos, with varying levels of corruptions based on the experiment. Fol-

lowing prior works [180], [426], we use Average Precision (AP) as the

evaluation metric.

77



4.3.2 Experimental Results

Robustness Against Compromised Modalities

Table 31 provides extensive performance evaluation of our method and

the baseline [180] under various types of audio and visual corruptions. It

may be noted that the training set remains clean, as our goal is to achieve

robustness against corruptions when trained with clean data.

Visual Corruptions: During testing, various types of corruptions, such

as bit error, fog, rain etc., are present in the visual modality (as outlined

in Section 4.2.5). We evaluate the performance of our method against

the baseline on varying levels of corruption, which reflect the proportion

of corrupted video in the test set. A corruption level of 0% means no

corrupted video, while a level of 100% indicates that all test videos are cor-

rupted. The results (Table 31) demonstrate that our method outperformed

the baseline against various types and levels of corruptions. Notably,

for extreme cases of corruptions such as contrast, our method achieves

performance scores of 80.00% and 69.21%, whereas the baseline attains

scores of 78.36% and 52.47% under 0% and 100% of corrupted videos.

Although the performance of our method and the baseline method is

comparable under 0% corruption, our method notably outperforms it un-

der 100% corruption, highlighting its robustness against visual modality

corruption.

Audio Corruptions. During testing, various types of corruptions, such

as babble, bitrate, and hfchannel, are present in the audio modality (as

described in Section 4.2.5). Consistent with the trends observed in the

visual corruption section, we find similar patterns for the audio modality.

The results highlight that our method is resilient against various levels of

audio corruptions.

Missing Modalities. While corruptions interrupt the overall quality of a

modality, some information may still be retained, which might be useful

for the network to perform the predictions. To take the challenge up a

notch, in this section, we consider the missing modality setting in which a

modality is entirely removed. This may be considered as an extreme case

where no information regarding the corrupted modality is available to
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Figure 14: Comparison of weighting schemes (average and dynamic) with
baseline concatenation approach [180] on two visual and one audio corrup-
tion.

the network. Although the performances of our method (80.00%) and the

baseline (78.30%) are comparable when modalities are completely avail-

able, our method notably outperforms the baseline method under missing

modalities. Notably, our method achieves performance of 67.15% and

72.55%, whereas the baseline method attains scores of 49.50% and 69.10%

when removing visual and audio modality, respectively, highlighting the

robustness of our approach.

Mixed Corruptions. As real-world environments may have several distor-

tions present, we also explore the effects of the modalities compromised by

mixed corruptions. To carry out this experiment, for each level of corrup-

tion, it is ensured that the test set contains all corruption types accounting

for the total percentage of the corruption level. Performance trends sim-

ilar to the previously discussed experiments are observed, where our

approach outperforms the baseline in all compared cases, signifying the

importance of our method against modality corruptions in real-world

settings.

Audio and Visual Corruptions. Since real-world environments often

contain multiple distortions at the same time, we investigate their impact

on both modalities. Consistent with prior experiments, the corruptions

cause significant drops in the performance of the baseline, whereas our

approach demonstrates better resilience.
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Table 32: Comparison of baseline vs. proposed when one modality is com-
pletely missing and the other is corrupted. Higher accuracy is better.

Corruption Levels 0% 30% 70% 100%

Corruption Mod [180] Ours [180] Ours [180] Ours [180] Ours

bit error V 69.17 73.82 63.76 67.31 61.57 64.70 59.23 63.42
brightness V 69.17 73.82 65.64 70.27 63.82 68.76 60.84 66.45
contrast V 69.17 73.82 59.51 65.79 48.12 55.83 38.65 49.07
fog V 69.17 73.82 56.97 60.76 52.48 54.49 50.25 50.41
rain V 69.17 73.82 63.89 69.15 59.60 64.49 58.11 60.33
motion blur V 69.17 73.82 63.21 68.83 58.21 64.79 54.61 62.29
saturate V 69.17 73.82 63.27 68.94 57.61 64.61 54.16 62.22
shot noise V 69.17 73.82 65.11 67.97 64.65 63.23 65.44 59.28

average V 69.17 73.82 62.67 67.38 58.26 62.61 55.16 59.18

babble A 49.50 67.65 41.42 59.27 32.94 42.12 28.47 31.47
bitrate A 49.50 67.65 43.10 56.95 34.36 40.57 28.74 32.11
hfchannel A 49.50 67.65 40.92 58.91 29.05 36.21 24.55 24.01
pink A 49.50 67.65 41.92 59.12 28.86 36.80 25.93 24.57
pitch shift A 49.50 67.65 36.68 57.96 26.11 34.90 22.23 23.27
dropout A 49.50 67.65 38.74 58.46 27.53 37.90 23.62 27.20
reverb A 49.50 67.65 40.07 58.47 30.83 37.22 26.09 26.39
white A 49.50 67.65 42.38 58.90 29.77 35.85 24.40 23.40

average A 49.50 67.65 40.65 58.51 29.93 37.70 25.50 26.55

Unimodal Testing with Corruptions

In a series of experiments, we explore a use case on our method in which

one modality is completely missing while the other modality is corrupted.

The intuition behind this experiment is to observe the importance of

each modality for training and testing a robust multimodal anomaly

detection system. Table 32 summarizes the results obtained during these

experiments. It may be seen that the video modality is notably dominant

than the audio modality. In the case of 0% corruption cases, the presence of

video modality outperforms the presence of audio modality (AP of 73.82%

vs. 67.65%). When the noise is added to the visual modality, a notable

performance drop is observed in each corruption case (an average drop

in AP from 73.80% to 59.18%). However, the performance drop increases

dramatically when the system is exposed to 100% missing visual modality

while adding noise to the audio modality (an average drop in AP from

67.65% to 26.55%). This series of experiments highlights that while audio
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Table 33: Plug-and-play performance of our approach for mixed audio and
visual distortions at 0% and 100% levels of corruption on multiple baselines
including XDVioDet, HyperVD, and RTFM. Bold: best performance.

Corrupted Modality Visual Audio

0% 100% 0% 100%

XDVioDet (Baseline) 78.36 71.45 78.36 67.14
XDVioDet (Ours) 80.00 76.27 80.00 69.97

HyperVD (Baseline) 85.60 73.28 85.60 76.90
HyperVD (Ours) 85.90 77.29 85.90 78.18

RTFM (Baseline) 77.66 70.43 77.66 77.44
RTFM (Ours) 77.30 72.67 77.30 74.21

modality plays an important role in the overall performance, the visual

modality is generally more informative, and the performance deteriorates

dramatically if the visual modality is compromised.

4.4 Analysis and Discussion

4.4.1 Importance of Dynamic Weighting

During training, our method processes each modality independently,

while at test time, we employ a dynamic weighting strategy (Section

4.2.4) to effectively combine the predictions of individual modalities for

multimodal performance. In this section, we compare the empirical perfor-

mance of three approaches: the naive averaging approach (as chalked in

Eq. 4.3), dynamic weighting (as chalked in Eq. 4.5), and the concatenation-

based inference (as proposed by the baseline XDVioDet [180]). Results on

two visual corruptions (motion blur and Fog) and one audio Corruption

(Random Dropout) provided in Fig. 14 show that the naive averaging

approach with our method outperforms the baseline in all cases, demon-

strated the importance of shared space representation learning. Further-

more, the best results are achieved with the proposed dynamic weighting

approach.
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4.4.2 Is Our Approach Plug-and-Play?

The components of our approach, such as projection layer, shared repre-

sentation learning, and dynamic weighting, can be plugged into existing

multimodal anomaly detection methods, including XDVioDet [180], Hy-

perVD [426], and RTFM [237]. These methods usually incorporate multi-

modal information by concatenating audio-visual modalities at feature-

level input, making them prone to corrupted modalities during testing.

As seen in Table 33, when the components of our approach are added

to XDVioDet and HyperVD, it outperforms the baseline in both cases of

mixed corrupted modalities by a notable margin. In the case of RTFM as

baseline, our method outperforms in the case of visual modality. How-

ever, in the case of corrupted audio modality, RTFM baseline performs

better. This may be attributed to the projection layer used in our approach

that upscale the audio features to match the dimensions of visual features.

In contrast, RTFM by default uses the visual feature dimension of 2048,

whereas the dimension of added audio features is 128.

4.4.3 Does Multimodal Robustness Translate to Better Zero-
shot Performance

While the proposed shared space learning for multimodal data improves

robustness against compromised modality, we explore its effectiveness

in zero-shot setting. To this end, we utilize the models trained on XD-

Violence dataset and evaluate on the test set of a benchmark anomaly

detection dataset, UCF-crime [122]. As UCF-Crime is a visual-only dataset

with no audio, this experiment poses two challenges: 1) Generalizability

across datasets. 2) Missing audio data during testing. The results are

summarized in Table 34. As seen, our method outperformed RTFM

and XDVioDet baselines as well as existing unsupervised video anomaly

detection methods [293], [392], [393].
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Table 34: AUC comparison on the test set of UCF-Crime dataset under
zero-shot setting where the models are trained on XD-voilence dataset. Our
approach demonstrates better zero-shot generalization, highlighting the
importance of our proposed shared space representation learning. As seen,
our approach also outperforms the existing unsupervised approaches trained
and tested on UCF-crime [122].

Method UCF-Crime

Unsupervised
Kim et al. [209] 52.00
GCL [293] 65.32
C2FPL [392] 65.85
CLAP [393] 67.74

Zero-shot

RTFM [237] (Baseline) 59.6
RTFM (Ours) 68.9
XDVioDet [180] (Baseline) 63.3
XDVioDet (Ours) 68.4

Table 35: Importance of linear projection compared to padding and concate-
nation (baseline) under different levels (0% to 100%) of an arbitrarily selected
corruption case (pitch shift) for conciseness.

Method 0% 10% 30% 50% 70% 90% 100%

Baseline 78.36 76.24 73.49 69.53 67.01 63.66 63.07
Padding 76.21 73.46 70.52 64.30 60.15 56.83 55.86
Linear Proj. 80.00 78.87 77.62 72.83 71.23 66.91 66.39

4.4.4 Is Linear Projection Necessary?

In this section, we explore the importance of the linear projection layer

used in our approach. To this end, we replace it with zero-padding to

match the embedding dimension of visual and audio modalities. The

results are reported in Table 35. As seen, the padding demonstrates lower

performance than even the baseline, whereas our design choice of using

projection layer notably helps achieve better performance. This demon-

strates that projection layer complements the proposed shared space

representation learning for robust anomaly detection under multimodal

setting, as proposed in our approach.
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Figure 15: Qualitative results of RobustA and the baseline on three videos
taken from XD-Violence dataset. Blue represents baseline anomaly scores
whereas green represents RobustA results. Dotter represents clean test
samples whereas solid highlights corruption cases. As seen, our approach
generally outputs comparable anomaly scores for clean and corruption cases.
The baseline, while generating competitive anomaly scores for clean samples,
demonstrates deteriorated performance when the input is corrupted. Red
shaded area represents anomaly ground truth.

4.4.5 Qualitative Results

Fig. 15 shows anomaly score plots of RobustA and the baseline on

different videos highlighting cases with and without corruption. As seen,

both RobustA and the baseline demonstrate reasonable anomaly scores

when neither of the modalities is compromised. The performance of the

baseline drops notably when modalities are corrupted, while RobustA

retains the performance.

4.5 Chapter Summary

In this chapter, we presented a comprehensive study to investigate the

adverse effects of corrupted modalities on multimodal anomaly detec-

tion task. To address this, we introduced a novel dataset RobustA, to

systematically evaluate the impact of audio and visual corruptions on

anomaly detection performance. Moreover, we proposed a robust multi-

modal anomaly method that demonstrate resilience against corrupted and

missing data. Extensive experiments on the XD-Violence dataset, across

various corruption types and levels, demonstrated the effectiveness and

robustness of our proposed method. RobustA would be instrumental in
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evaluating anomaly detection methods under the settings more closer to

the real-world scenarios.
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Chapter 5

Key Insights and Future
Work

5.1 Analysis and Key Insights

This section synthesizes the findings presented throughout this thesis and

provides a unified analysis of multimodal learning under imperfect data

conditions. Although multimodal learning has demonstrated consistent

performance gains over unimodal approaches under modality-complete

settings, the results analyzed in this thesis reveal that such improvements

do not translate to robustness under realistic conditions. In particular,

multimodal learning systems exhibit substantial performance degrada-

tion when modalities are missing or corrupted, indicating that robustness

is not an inherent property of multimodal architectures but rather a char-

acteristic that must be explicitly addressed.

Architectural assumptions: A central observation emerging from our

work is that most contemporary multimodal architectures implicitly as-

sume the availability and reliability of all modalities during both training

and inference. Existing MML models tend to couple semantic reasoning

with modality presence. As a consequence, these systems learn inference

pathways that are optimized for modality-complete inputs and do not

generalize when one or more modalities are absent. Empirical evalua-
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tions across datasets and tasks showcases that the removal of a modality

frequently disrupts learned representations to the extent that multimodal

models underperform even unimodal baselines. These findings sug-

gest that performance degradation under missing modalities cannot be

attributed solely to reduced input information, but rather to architec-

tural dependencies formed during training. In addition, at times MML

models tend to over-rely on dominant modalities when trained under

ideal conditions, reinforcing modality-specific biases instead of learning

modality-invariant representations.

Learning under missing modalities: The analysis of methods address-

ing missing modalities reveals a broad spectrum of strategies, ranging

from reconstruction-based approaches to architectural and hybrid solu-

tions. Reconstruction-based methods attempt to recover missing modali-

ties by exploiting cross-modal correlations, often through generative or

alignment-based techniques. While effective under controlled assump-

tions, these approaches rely on strong predictability between modalities

and are sensitive to distribution shifts, noise, and partial missingness. Ar-

chitectural approaches, in contrast, aim to mitigate the impact of missing

modalities by enabling inference using only the available inputs. Our

work demonstrates that enforcing a shared representation space and

modality-agnostic inference pathways substantially improves robustness

under missing-modality settings. By decoupling semantic reasoning from

modality presence, such architectures exhibit reduced performance degra-

dation and more stable behavior across varying modality configurations.

These results indicate that robustness to missing modalities is most ef-

fectively addressed through architectural design rather than post-hoc

reconstruction.

Reliability-Aware inference: Beyond missing modalities, corrupted modal-

ities introduce a more challenging and less explored failure mode. Unlike

missing data, corrupted modalities are present but unreliable, often con-

taining misleading or noisy information that is propagated through the

learning pipeline. Our results indicate that standard multimodal fusion

mechanisms frequently fail to distinguish between reliable and corrupted

inputs, resulting in overconfident and unstable predictions even when
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clean modalities are available. This behavior highlights a fundamental

limitation of existing multimodal architectures: the absence of explicit

mechanisms for modeling modality reliability. The results obtained using

corruption-aware benchmarks demonstrate that robustness under such

conditions requires explicit confidence estimation, uncertainty model-

ing, and adaptive modality weighting. Architectural robustness alone is

therefore insufficient to address corruption-related failures.

Robustness in prior work: An important insight arising from our uni-

fied analysis is that prior research has largely treated missing and cor-

rupted modalities as separate problems. Reconstruction and architectural

methods predominantly focus on modality absence, while denoising,

augmentation, and noise-aware techniques target corruption. However,

real-world multimodal systems often encounter both challenges simul-

taneously, with some modalities missing and others degraded. This

fragmentation limits the applicability of existing solutions, as methods

designed for one type of imperfection frequently fail under the other.

Our work underscores the need for integrated robustness strategies that

account for both absence and unreliability, and that are evaluated under

realistic real-world conditions.

Implications for robust MML: Synthesizing evidence across the survey,

architectural contributions, and benchmarking efforts, we identify several

implications for the design of robust multimodal systems. First, robust-

ness should be treated as a first-class design objective rather than an

emergent property of multimodal fusion or model scale. Second, archi-

tectures should support modality-agnostic inference to enable graceful

degradation under missing modalities. Third, robustness to corrupted

modalities requires explicit modeling of modality reliability and adaptive

fusion mechanisms. Finally, standardized benchmarks that reflect realistic

data imperfections are essential for meaningful robustness evaluation.

In a nutshell, MML is inherently fragile under imperfect data con-

ditions. Robustness does not arise naturally from combining multiple

modalities, but must be explicitly infused through architectural con-

straints, learning objectives, and evaluation strategies. By integrating

taxonomic analysis, robust architectural design, and principled bench-
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marking, this thesis provides a coherent foundation for reliable MML.

5.2 Limitations

While this thesis provides a unified analysis and concrete advances to-

ward robust MML, several limitations and scope constraints should be

acknowledged. First, the architectural and algorithmic contributions

primarily focus on robustness under structured forms of modality ab-

sence and corruption. Although the considered scenarios reflect common

real-world conditions such as missingness, noise, and degradation, they

do not entail the full space of possible multimodal imperfections. In

particular, adversarially crafted corruptions, extreme distribution shifts,

and long-term temporal failures remain outside the scope of our work.

Second, the proposed robustness mechanisms assume the availability

of at least one informative modality at inference time. In cases where

all modalities are simultaneously missing or severely corrupted, reliable

inference is inherently ill-posed. Addressing such scenarios would re-

quire incorporating external priors, memory-based reasoning, or active

sensing strategies, that remain out of scope for our study. Third, while

the benchmarks and evaluations span diverse datasets and modality com-

binations, the analysis primarily focuses on classification and anomaly

detection tasks. Extending the presented insights to generative, sequen-

tial decision-making, or large-scale multimodal foundation models in-

troduces additional challenges related to scalability, training dynamics,

and evaluation that requires separate investigation. Another important

observation relates to how multimodal representations are formed within

existing architectures. While many approaches rely on implicit fusion

mechanisms in latent spaces, recent works have explored more explicit

strategies for modality unification, such as projecting heterogeneous in-

puts into a shared representation space. Our design is motivated by this

broader line of research, as discussed in Section 3.1, where non-visual

modalities are transformed to enable unified processing. In contrast to

approaches that rely on modality-specific tokens or implicit alignment

within hidden layers, our formulation minimizes modality-specific as-
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sumptions and enforces a common representation space that is directly

optimized for robustness under missing inputs. While alternative formu-

lations, including token-based or hybrid fusion strategies, remain viable,

their systematic evaluation under missing and corrupted modality set-

tings presents an interesting direction for future work. Finally, robustness

is evaluated under controlled and reproducible corruption protocols to

enable systematic analysis. Although such protocols are necessary for

principled benchmarking, they may not fully capture the complexity and

unpredictability of real-world multimodal degradation. It requires tighter

integration between benchmark design, real-world data collection, and

evaluation, which remains an open direction for future work.

5.3 Challenges & Future Research

Finally, we synthesize the research gaps and outline concrete, evidence-

based future directions in the following.

Efficiency, Scalability, and Generalization: Despite a proliferation of

task-specific models, current methods lack generalization due to diverse

modality configurations in different application areas. In addition, while

effective, hybrid models such as DCFMNet [463], often suffer from com-

putational bloat. For instance, AMM-Diff [442] and OPTIMUS [430] 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 dy-

namic routing, that can activate only relevant sub-modules depending on

modality availability. Similarly, as proposed in LMIM [465], cross-domain

pretraining on heterogeneous multimodal datasets could improve trans-

ferability. Finally, benchmarking models under varying computational

cost would provide clearer cost-benefit trade-offs.

Modality Drift and Misalignment: Han et al. [259] and Zhang et al. [469]

are examples of alignment-based models that show performance dete-

rioration when modalities are asynchronous or semantically divergent.

Similarly, many architectures such as M3Care [298] struggle under tem-

poral drift, where the statistical relationships or synchronization among
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modalities change over time. Future studies can investigate these chal-

lenges and propose novel methods that integrate causal modeling or

temporal attention mechanisms by dynamically realigning modalities as

explored by SuMi [435]. Similarly, interested researchers can investigate

meta-learning strategies that can adapt alignment functions dynamically

under the contextual shifts in semantic meaning.

Adversarial Robustness: While adversarial robustness has been ad-

dressed in contrastive learning frameworks including CleanCLIP [307]

and AdvCLIP [376], it is often confined to vision-language pairs and fail

under open-set corruptions or cross-modal perturbations. Zhang et al.

[422] 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 aug-

mentation strategies, where noise in one modality affects alignment in

another, to simulate real-world sensor malfunctions. Meanwhile, develop-

ment of open-set corruption detectors and robust pretraining objectives

also remains as a key challenge [320].

Standardized Benchmarks and Taxonomies: Many studies use custom

or synthetic corruption setups, making cross-comparison difficult. While

recent work such as Beemelmanns et al. [380], Zhang et al. [422], Dong et

al. [317], and Yu et al. [370] 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 standard-

ized taxonomy of corruption types, model-agnostic evaluation metrics,

and challenge datasets.

Imperfect modalities in Multimodal Large Language models: The rise of

multimodal large language models (MLLMs) such as GPT-4V, LLaVA, and

Flamingo introduces new and largely unexplored vulnerabilities to miss-

ing and corrupted modalities. Unlike smaller task-specific architectures,

MLLMs operate at scale and are increasingly deployed in open-world

settings where input completeness cannot be guaranteed. Future work

should systematically investigate how modality degradation propagates

through the attention and cross-modal alignment mechanisms central to
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these models, and whether robustness strategies developed in this thesis

— such as shared representation spaces and adaptive fusion — can be

adapted or scaled to the MLLM regime.

Interpretability and Explainability: Despite exceptional success across

multiple application areas such as Cross-modal Information Retrieval

[179], Multimodal Emotion Recognition [159], Sentiment Analysis [290],

and Genere Classification [271], 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 [361], com-

pensated for [240], or hallucinated [379].

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 [322] have introduced confidence scoring to weigh modalities,

such strategies remain largely application-specific and lack generalizabil-

ity 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.
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Conclusion

This thesis presents a comprehensive exploration of multimodal robust-

ness by integrating a detailed literature taxonomy, a novel missing-modality

framework, and a corruption-robust evaluation methodology. Chameleon

demonstrated that unified representations offer stability under missing-

modality conditions, while RobustA showed that corruption-aware train-

ing significantly enhances real-world reliability. Together, these contribu-

tions advance the state of multimodal learning by bridging conceptual

foundations with practical robustness requirements. The work presented

here moves the field closer to designing multimodal systems that are

accurate, resilient, flexible, and ready for deployment in environments

where uncertainty is not the exception but the norm.
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