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Multimodal Redundancy

An extensive amount of intra-modal 
task-unrelated information blurs 
discriminability.

Inter-modal redundancy

Intra-modal redundancy

Redundancy

Duplicated information among 
modalities dominates the representation 
of multimodal data, which makes 
modality-specific information prone to 
being ignored.
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Task: Survival Prediction aims to estimate the death risk of patients for prognosis, in which multimodal learning 
by integrating both histological information and genomic molecular profiles can benefit majority cancer types. 

Ø However, massive redundancy in multimodal data prevents it from extracting discriminative and compact 
information:



Multimodal Redundancy
Q1: Intra-modal redundancy

WSI Genes Pathways

q The region of interest only occupies a 
small portion of gigapixel WSIs.

q These pathways can yield hundreds to thousands of groups, 
and only a few specific pathways exhibit a strong 
correlation with patient prognosis.
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How can we capture the discriminative information from single modality by 
eliminating its redundancy?
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Multimodal Redundancy
Q2: Inter-modal redundancy

qThe redundancy stemming from this duplicated information can complicate the 
knowledge extraction.
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• Common information often dominates aligning and integrating multimodal 
information

• Lead to the suppression of modality-specific information, thereby disregarding 
the wealth of distinctive perspectives.
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• Common information often dominates aligning and integrating multimodal 
information

• Lead to the suppression of modality-specific information, thereby disregarding 
the wealth of distinctive perspectives.

How can we capture compact yet comprehensive knowledge from the 
dominant overlapping information in multimodal data?
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PIBD: Overall Architecture 
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(a) Intra-model redundancy: A Prototypical Information Bottleneck (PIB) module for selecting discriminative 
instances within a modality.
(b) Inter-model redundancy: A Prototypical Information Disentanglement (PID) module for getting independent 
modality-common and modality-specific knowledge.



PIBD: Prototypical Information Bottleneck
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Preliminary of Information Bottleneck

• Objective: Variable � is maximally expressive about the target � , while compressing the original 
information from the input �.

in which,
�� �� �  is a variational approximation of the intractable likelihood p(y|z).
� � �  is the posterior distribution over z. � � � ≈ �� � � = �  � ��

� � , ��
Σ �  , where �� is and MLP encoder.

� �  is a prior spherical Gaussian.
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How can we compress a bag X to Z by decreasing the KL divergence between 
p(z|x) and r(z) in the context of MIL method?
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Apply IB for every instance z to compress Z to X.

• Directly employ the variational approximation �� � �  in VIB to learn a compact representation for each 
instance � ∈ � in the bag.

1) How to derive the overall distribution of the entire bag � � �  for a bag � based on such a large 
number of individual instance distributions?

2) All compact instance features                     A compact bag

Problems:

Information Bottleneck (IB): 

✅ Provides a promising solution to compress unnecessary redundancy from itself while maximizing discriminative 
information about task targets.

❌ Suffer from the high-dimensional computational challenges posed by massive patches of a gigapixel WSI and 
thousands of pathways.



PIBD: Prototypical Information Bottleneck
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• Directly approximate bag-level distribution � � �  with a parametric distribution  � �  represented 
by a group of prototypes P = {� � ��, �� }�=1

2�� for different risk levels.

� � � = � � �, � ≈ � � � 

Objective: Intra-model redundancy reduction

“prototype distribution at  risk band y”

ü To achieve this, we maximize the similarity between � � �  and 
distributions of latent features � = �� �  for a bunch of instances.

ℒ��� = 1
��

 �=1
�� −��� �+

 � , �+
 �  + 1

2��−1
 �=1

2��−1 ��� �−,�
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 �  

ü As a result, we just need to optimize the parametric prototypes 
� �  and �� for a bag x, instead of modeling � � �  for each 
instance of the bag.
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PIBD: Prototypical Information Disentanglement
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• Get independent modality-common and modality-
specific knowledge from the dominant overlapping 
information in multimodal data.

�������� � �, � + � �ℎ, �� ,  �ℎ��� � = ��� �ℎ, �� 

In which,
�ℎ and �� is the modality-specific feature of histological modality and 
genomic modality, respectively.
� is the modality-common feature.

Objective: Inter-model redundancy reduction



PIBD: Prototypical Information Disentanglement
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Product-of-Experts (PoE) 
of positive prototypical 
distributions from each 

modality.

Disentangled Transformer

ü Reused the joint prototypical distributions � � �ℎ, ��  modeled by aforementioned PIB to guide the 

extraction of common knowledge.
ü Enforced the model to learn knowledge different from the joint prototypical distribution, considered as the 

modality-specific knowledge.

� � �ℎ, �� 
∝ � � � � �ℎ � � �� 
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EXP1: Comparison
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q Comparison Experiments

• Achieves superior performance in 
4 out of 5 benchmarks. 

• Outperforms the second-best 
method by 1.6% in overall C-index.

• Compared with other IB-based 
methods, we achieve superior 
performance on all cancer datasets 
(overall: 3.5%-9.3% ↑).
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q KM Analysis



EXP2: Ablation Study
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For ablating PID, we conduct a comparison between our PIBD and the baseline using the non-disentangled 
TransMIL with PIB.

*Average Pooling (AP)

For ablating PIB, we established two baselines:

1. one involves direct average pooling (AP) on original features
2. the other employs a non-disentangled TransMIL encoder as a strong baseline.

q Ablation study



EXP3: Discriminativeness of PIB
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EXP4: Redundancy Removal of PIB
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q Information retention rate

↓  60~75%
↓ 50%

↓  30~45%
↓  20%



Conclusion
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• Inspired by information theory for mitigating redundancy, we propose a new 
multimodal cancer survival framework, PIBD, addressing both “intra-modal” and 
“inter-modal” redundancy challenges.

• We design a new IB variant, PIB, that models prototypes for selecting discriminative 
information to reduce intra-modal redundancy, w.r.t addressing sparsity of patch 
features in MIL via prototypes. This provides a new solution to compress information 
of a bag via information bottleneck.

• PID addresses inter-modal redundancy by decoupling multimodal data into distinct 
components with the guidance of joint prototypical distribution.
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