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Underlying multi-modal distributions

• Definition of underlying modes:

Under a value of a certain attribute, the data may form multi-modal distributions due to 
variations related to this attribute; each high-density region/cluster is referred to as a mode.

• Why intra-class modes matter for attribute prediction:

The modes under different attribute values may appear similar, which makes the attribute 
values hard to predict. Modeling underlying modes helps distinguish them.



Hidden correlations

• Definition of hidden correlations:

The correlation between modes under a certain attribute and other attributes

• Why correlations hurt generalization:

Under correlations, the model may infer one attribute by encoding others. Under correlation 
shifts at test time, the model will fail to generalize.
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Disentangled representation learning

• Goal of representation disentanglement:
Learn a representation for each attribute that encodes the information about this attribute 
and its modes, and removes redundant information from the others.

• How correlations affect disentanglement:
Most disentanglement methods ignore correlations and enforce independence between 
attribute representations.

But when attributes are correlated, forcing the representations to be independent causes 
information loss.

Independence constraint



Theoretical insights
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CoDID framework

• Learn representations 
and disentangle them

• Estimate the number 
of modes and labels

Prevent error amplification:
• Learn the weights in the 

independence constraints to 
preserve informativeness

• Refine sub-clustering for 
cluster splits



Experiments across various data types and tasks

Hidden correlations

• Synthetic

• Real-world

Generalization tasks

• Correlation shift

• Out-of-distribution

Data types

• Toy data

• Image data

• Time-series data



Experimental results

• CoDID outperforms existing 
disentanglement and 
invariant learning methods

• The components regarding 
meta-coordination and the 
iterative framework are 
effective



Toy data classification boundary

• The classification boundary of CoDID separates different modes along the x1 axis, while 
excluding redundant information about the other attribute along the x2 axis.



Effectiveness of meta-learned weights and cluster split

• A larger weight divergence corresponds to a lower chance of sharing the same mode, which 
supports cluster splits and latent mode discovery.



Representation distribution on synthetic data

• Through iterative clustering and disentanglement, CoDID gradually removes redundant 
information while preserving mode information.



Representation distribution on real time-series data

• Modeling intra-class modes improves discriminability on real time-series data and boosts 
generalization to out-of-distribution samples.



Convergence analysis

• During training, the clustering performance of CoDID steadily improves, and the prediction 
loss curves remain stable even as the number of clusters changes.



Robustness against noise levels and correlation strengths

• CoDID maintains a robust advantage across different noise levels and hidden correlation 
strengths.
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