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Incomplete Multimodal Learning

▪ Multimodal deep learning (MDL) has achieved remarkable success across various domains

▪ MDL models typically pre-suppose full-modality availability at inference

▪ However, in real-world applications, multimodal samples are often incomplete
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Existing Approaches for Incomplete Multimodal Learning

▪ Incomplete MDL approaches can broadly categorized into two types 
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Discarding-Imputation Dilemma Caused by Modality Heterogeneity
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Recovery-free methods

▪ Learn less-distinguishable 

features

Recovery-based methods

▪ May generate unreliable reconstructions

▪ Low-fidelity

▪ Semantically misaligned
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Recovery-free methods

▪ Learn less-distinguishable 

features

Recovery-based methods

▪ May generate unreliable reconstructions

▪ Low-fidelity

▪ Semantically misaligned

Discarding-Imputation Dilemma
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Contributions
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A New Perspective

▪ Dynamically selects and fuses recovered 

modalities

Our DyMo

▪ A dynamic selection algorithm formulated on 

multimodal task-relevant information gain

▪ A multimodal network architecture for arbitrary 

modality input

▪ A tailored training strategy to learn robust latent 

features
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Model Overview

▪ Modality-specific encoders

▪ Multimodal transformer

▪ Linear classifier

Multimodal Network Architecture for Arbitrary Modalities
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Multimodal Task-Relevant Information Reward (MTIR)
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Model Model

MTIR MTIR Reward of A Recovered Modality

▪ Reward > 0: Useful. Introduces additional task-

relevant information.

▪ Reward = 0: Low-fidelity. Provide negligible 

benefit.

▪ Reward < 0:  Semantically misaligned. Potentially 

disregard the representation.

compare

recovered
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Multimodal Task-Relevant Information Reward (MTIR)
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Move closer to the 

prototype → MTIR ↑

Multimodal task-relevant information

Due to unknown true data distribution, we derive a lower bound of I(Y ; Z), using the empirical 

classification cross-entropy (CE) loss

Therefore, MTIR is define as

To improve the robustness of MTIR, we further investigate representation shifts in the latent 

space



Imperial College London

Intra-Class Similarity Calibration
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We refine the reward by accounting for how representative a sample is within its predicted class cluster

Intra-class similarity (ICS) score calculation

Our asymmetric calibration term
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Tailored Training Strategy
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▪ Incomplete simulation training

▪ Auxiliary missing-agnostic contrastive loss

▪ Overall loss
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Experiments
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▪ +1.61% on PolyMNIST, +1.68% on MST, and +3.88% on CelebA 



Inference-Time Dynamic Modality Selection for 
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Paper is available at Code is available at

Thank you!

Contact us:            {s.du23, x.luo, declan.oregan, c.qin15}@imperial.ac.uk  
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