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Introduction
Centralized Multimodal Learning: 
• Gather feature from multi-modality data to 

increase knowledge for model
• Missing modalities: Incomplete dataset, i.e., some 

of training/inference samples may miss some 
modalities 

Federated Multimodal Learning:
• Collaboratively train with clients having 

different modality set
• Missing modalities: Deal with diverse set of 

modality, each set corresponding to a client

Missing modalities in those 
contexts is different
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Problem Definition
Missing Modalities in FL: 
• Separate modality subset per client  

(complete missing)
• In practice,  each client may have  

incomplete local dataset (partial missing)

E.g. Top-tier hospitals register that they have 5 
modern sensors, however, one or some of them 
may be in mainteinance

Motivation

• How to design robust algorithms ?
• How large the impact of partial missing can be ?
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Overview of FedMAC
Hypothesis:
• Modality ~ Augmented version of a core hidden 

feature 
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If the core feature is 
extracted completely, our 
model won’t be affected by 
the modality subset of each 
instance
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FedMAC: Client’s Architecture
Missing-Aware Encoder
• Modality-Shared Extractor: Trying to extract 

shared core feature from different modalities
• Missed features are replaced by corresponding 

embeddings

However…
• Imputation embeddings are shared among 

instances
• Thus, these embeddings can not represent the 

core features of each instance completely

Necessity of reformulating missing-modality features from 
existing ones, allowing for instance-level specifications



Cross-Modal Aggregator
• Maps space-shared features into a higher-

level space to learn modality-wise similarities
• These similarities then guide a weighted 

aggregation back into the shared space

Global Fusion
• Benefits of aggregated features for existing-

modality features might be less than missing 
ones

• A Global Fusion module dynamically fuses 
features before and after the aggregation 
enabling adaptive integration across modalities
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Space-shared Loss
• Ensure all modality-specific features belonging to a single instance are 

closely aligned in the shared space
• Positive pairs: modalities of the same instance, negative pairs for otherwise

FedMAC: Contrastive-based Regularization
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Modality-wise Similarity Loss
• Preserve accurate cross-modal relationships within the shared representation space
• Positive and negative pairs are defined similarly to space-shared loss, but in 

modality-wise similarity space

FedMAC: Contrastive-based Regularization

Our final loss function
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Dataset and Preparation
• A subset of PTB-XL dataset[1]  with 3,963 clinical samples is used. Each sample has 

12 modalities (electrocardiogram recordings) and is assigned to a single class

Experiment Settings

Partial Missing-Modality Data Simulation
• The missing pattern (p!" , p#") is assigned for a client kwith a dataset D" and 

represented by a missing matrix:

• b!" ∈ {0, 1} indicates whether modality m is missing or 
available for sample i

• M#, N# are the number of modalities and samples, 
respectively

• The partial missing-modality instances then can be obtained via following equation:

[1] P. Wagner, N. Strodthoff, R.-D. Bousseljot, D. Kreiseler, F. I. Lunze,W. Samek, and T. Schaeffter, “PTB-XL, a large publicly available 
electrocardiography dataset,” Scientific Data, vol. 7, no. 1, p. 154, 2020. 9



Experiment Settings

The modality proportion 
in the dataset

The modality distribution 
in each sample
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Quantitative Results
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FedMAC consistently outperforms other baselines in 
all tested missing scenarios, especially when the 

missing statistics increases, e.g., in 1.0/0.8
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While other methods’ performance 
significantly degrades, FedMAC remains 
robust when missing statistic increases
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In contrast, FedMAC 
maintains strong 

performance, consistently 
achieving the best results 

across nearly all experiments

Baselines perform relatively 
well with lower missing 

statistics but struggle as the 
server’s missing statistic 

increases
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We evaluate two key components of 
FedMAC in the IID setting, where the 
missing statistics of clients and server 
are similar
• FedC: FedMAC without Cross-Modal 

Aggregator
• FedMA: FedMAC without Contrastive 

Regularization. We exclude ℒ$%& and 
ℒ$'()*+ from the training loss
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FedC performs adequately when the missing modality 
pattern is uniform across clients (𝒑𝒎 = 𝟏) but struggles 
when the pattern varies 𝒑𝒎 < 𝟏
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FedMA shows notable performance declines, particularly in 
scenarios with high client variation (𝒑𝒎 < 𝟏), underscoring the role of 
contrastive mechanisms
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FedMAC outperforms FedC and FedMA in most cases. Overall, the both 
Cross-Modal Aggregation and Contrastive Regularization in FedMAC is 
crucial for robust and consistent performance
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Our contributions:
• The first to thoroughly investigate the problem of partially missing modalities in FL
• Introduce FedMAC, an innovative client-side architecture designed to handle 

complete and partial modality missing issues
Results:
• Consistently outperforms baselines with a large margin in every testing scenarios 

when the missing statistics of server and clients are similar
• Outpeforms existing methods in most cases when the missing statistics of server 

and clients are different

Future works:
• Conducting more extensive experiments including different datasets and varying 

missing scenarios
• Design an appropriate server aggregation algorithm which can handle partial 

missing modality under Non-IID settings
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