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Challenge: Inconsistently available across space and time, at multiple levels:
▪ Modality level — e.g., unavailable satellite image due to cloud cover
▪ Within modalities — e.g., missing records in a climate time series

Objective: Build models that work with any available data
▪ Robust to missing modalities and partial observations within modalities
▪ Enable interpretable input contribution across and within modalities

Ecological data are multimodal but often incomplete

Masked modeling for robustness to missing inputs

How to effectively mask?

MIAM: Modality Imbalance-Aware Masking

Experimental results

Heterogeneous sources of data in ecological applications:

Setup: multimodal transformer where each modality is tokenized 
into tokens

During training,
tokens are 
randomly masked 
at each iteration 
to expose the 
model to diverse 
input subsets

At inference, the 
model can handle 
any subset of 
tokens

We formalize masking strategies as probability distributions 𝐩 = ( 1, … ,  𝑀) over the 
unit hypercube with 𝑀 modalities
▪ Each token of modality 𝑚 is masked with probability  𝑚
▪ Existing masking strategies can be expressed within this framework (here 𝑀 =  ):

Constant Uniform OPMDirichlet Modality dropout

Limitations with existing strategies:
▪ Poorly explore the space of input subsets
▪ Fixed and uniform
▪ Modality imbalance, where dominant 

modalities hinder effective optimization

Uniform hypercube Beta hypercube MIAM

Design principles of MIAM:
▪ Full support
▪ Corner prioritization
▪ Imbalance-awareness

We base MIAM on a mixture of 
product beta distributions:
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Dynamic score-driven masking:
▪ Underperforming modalities are masked less

(unimodal performance 𝑠𝑚)
▪ Improving modalities are masked less 

(derivative of unimodal performance 𝑑𝑚)
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Take-aways

➢ Masking strategy significantly impacts performance
➢ Standard masking fails under modality imbalance
➢ We propose Modality Imbalance-Aware Masking (MIAM)
➢ Rethinking masking is key for any-to-any models Paper, code, 

website, etc.

We evaluate MIAM in a supervised setting on two multimodal ecological 
datasets, GeoPlant (AUC shown here) and TaxaBench
▪ MIAM outperforms other strategies on both datasets

▪ Larger gains 
for dominated 
modalities

▪ Ecological 
insights

Promising results in a 
proof-of-concept self-
supervised pre-training 
experiment
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