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Background

M. Liu et al, “Data- and knowledge-driven multimodal learning in computational pathology: A comprehensive survey”, EngMedicine, 2026.
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“Morphology & 
spatial context”

“Gene expression & 
molecular programs”

Pathology report

“Expert interpretation & 
diagnostic context”

 Multiple modalities capture complementary evidence from the same patient

“Each modality reveals information that the others cannot fully provide”
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What conventional multimodal learning optimizes?

Nature Medicine 29, 2307–2316 (2023); Nature Medicine 31, 3749-3761 (2025); arXiv preprint: 2501.16652 (2025) 

PLIP 
(vision-language, InfoNCE)

Threads 
(pathology-DNA-RNA, InfoNCE)

TITAN 
(vision-language, InfoNCE)

 Many multimodal methods emphasize cross-modal contrastive alignment
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More modalities do not guarantee more useful information

A. Chaudhuri et al, “A Closer Look at Multimodal Representation Collapse”, in ICML, 2025.

Modality collapse results from noisy features of one 
modality getting entangled with predictive features of 
another through polysemantic neurons in the fusion head. 

Name: 
Age: 63
Sex: Female
Location:

Path No.: 
Date O.: 02/26
Date R.: 02/26
Physician:

Specimen:

Diagnosis:

Gross Desc ription:

Lung, right upper lobe nodule

Negative for Carcin oma

Received fresh labeled “station 
7 lymph nod es” is a 2.0x1.5x0.4
cm aggregate of lymp hatic tissue

Whole Slide Image Transcriptomics Text report

Joint information learning

Complementary 
representation

“Ideally”

 A model can be multimodal at the input, but rely on only a subset of modalities
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Prediction
Weak 

contribution
Ignored

“In practice, however...”



Our solution: 𝚽-Omni

M. Liu et al, “Synergistic Information Disentanglement for Omni-modal Slide Representation Learning in Computational Pathology”, in MICCAI, 2026.

 Learn slide representations from complementary multimodal information
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Synergistic Information Bottleneck (SIB)

 SIB provides a compact space for multimodal interaction

⨁ Linear

3𝑑 → 2𝑑

𝜌

Path. emb. 

Gene emb. 

Report emb. 

Linear

2𝑑 → 𝑑

Filter 
noise

Λ

Concat emb.

Filter 
noise

ℝ ∈ 𝑑
ℝ ∈ 3𝑑

ℝ ∈ 𝑑

≜ LN(Proj2(ReLU(Proj1[𝐩𝑖 ⊕ 𝐠𝑖 ⊕ 𝐭𝑖])))

• Concatenation gives access to all views

• Nonlinear projection enables interaction

• Dimensional reduction controls capacity

• Compression alone does not identify synergy

Creating a dimensionality bottleneck: 3𝑑 → 2𝑑 → 𝑑

“Preserve useful information & Limit information capacity”
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𝐙mm = ℱSIB 𝐗joint



MI measures dependence; PID separates its sources

 Mutual Information (MI)

I X1, X2; Z = H Z − H Z X1, X2

“The equal MI can arise from fundamentally different multimodal contributions”

How much information?

 Partial Information Decomposition (PID)

P P. Liang et al, “Quantifying & modeling multimodal interactions: An information decomposition framework”, in NeurIPS, 2023.

Where does the information come from?

I X1, X2; Z = R + U1 + U2 + S

Redundancy

Shared cue

𝐑

Uniqueness

Only 𝐗𝟏

𝐔𝟏

Uniqueness

Only 𝐗𝟐

𝐔𝟐

Synergy

Joint only

𝐒

Decompose
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Joint information can exceed what individual views explain

 Pure synergy example

“Positive 𝚽 favors synergy relative to redundancy”

I X1; Z = I X2; Z = 0 bit

I X1, X2; Z = 1 bit

I X1, X2; Z = R + U1 + U2 + S

𝐗𝟏 𝐗𝟐 𝐙 = 𝐗𝐎𝐑

0 0 0

0 1 1

1 0 1

1 1 0

“XOR motivates a synergy–redundancy contrast”

 PID motivates a joint-minus-marginal contrast

* 𝐗𝟏 and 𝐗𝟐 are independent fair bits.

I X1; Z = R + U1, I X2; Z = R + U2

Φ = I X1, X2; Z − I X1; Z − I X2; Z

= R + U1 + U2 + S − R + U1 − (R + U2)

= S − R

* Two-source illustration.

“Joint information - sum of individual information”
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Synergistic Information Disentanglement

 Theory: whole-minus-sum

I 𝐗; 𝐙 =

Φ p, g, t → 𝐙mm

≜ I 𝐗joint; 𝐙mm − ෍
𝑚∈ p,g,t

I 𝐗𝑚; 𝐙mm

Total 
correlation

Sum of 
marginal redundancy

𝐩
𝐠

𝐭

𝐩
𝐠

𝐭

 Gaussian Canonical Projector (GCP) 

Red 𝐗; 𝐙 + ෍

𝑚∈{p,g,t}

Uni(𝐗𝑚; 𝐙) + Syn 𝐗; 𝐙

“makes volumes comparable”

Heterogeneous

𝐙∗ = Sigmoid LN 𝐖 ∙ 𝐡∗

H 𝐙 =
1

2
log det

1

B
𝐙⊺𝐙 + 𝜖𝐈

* 𝐈 is the identity matrix with
𝜖 = 10−5 for numerical stability.

Comparable

GCP
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Pre-training objective

 Synergistic Information Disentanglement

ℒSymCL =
1

2
෍

𝐤∈{𝐠,𝐭}

ℓ 𝐩, 𝐤 + ℓ 𝐤, 𝐩

ℓ 𝐮, 𝐯 = −
1

B
෍

𝑖=1

B 𝑒𝜏𝐮𝑖
⊺𝐯𝑖

σ𝑗=1
M 𝑒𝜏𝐮𝑗

⊺ 𝐯𝑗

Φ = H − H + H + H𝐩 𝐠 𝐭𝐒

Compress
redundancy

Expand
synergy

ℒΦID = ෍
𝑚∈ p,g,t

H 𝐙𝑚 − H 𝐙joint

 Cross-modal contrastive alignment

• Suppress unimodal redundancy

• Capture synergistic cross-modal interactions

Anchor

𝐩𝐠 𝐭ℒInfoNCE ℒInfoNCE

𝐩

𝐠

𝐭

Similarity

 Complete objectiveness:

ℒTotal = ℒSymCL + 𝛾ℒΦID,  where we set 𝛾 = 0.2
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Main results: multimodal training, unimodal deployment

 Multimodal supervision improves the deployed WSI representation

Name: 
Age: 63
Sex: Female
Location:

Path No.: 
Date O.: 02/26
Date R.: 02/26
Physician:

Specimen:

Diagnosis:

Gross Desc ription:

Lung, right upper lobe nodule

Negative for Carcin oma

Received fresh labeled “station 
7 lymph nod es” is a 2.0x1.5x0.4
cm aggregate of lymphatic tissue

Whole Slide Image Transcriptomics Text report

𝚽-Omni joint information learning
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Enhanced
WSI encoder

(1) BRACS (𝑛=547, 7-way cancer subtyping)
(2) CPTAC-BRCA (𝑛=112, mutation prediction)Breast cohort

Lung cohort

Pretraining: TCGA-BRCA (𝑛=1,031)
Evaluation:

Pretraining: TCGA-NSCLC (𝑛=919)
Evaluation:
(1) CPTAC-NSCLC (𝑛=604, cancer subtyping)
(2) CPTAC-LUAD (𝑛=324, mutation prediction)
(3) CPTAC-LSCC (𝑛=304, mutation prediction)



Ablation study

“ΦID objective preserves the 
complementary information”

“SIB constrains the capacity 
of the multimodal transition”
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 Each component addresses a distinct failure mode

“ABMIL w/ pre-attention 
provides the most 
consistent slide encoder”



Interpretability Analysis

“Attention highlights morphologically relevant regions”
“Preserves strong semantic alignment 
across heterogeneous modalities”

 Attention heatmaps  Omni-modal disentanglement
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Take-home message

 Multimodal learning should preserve what emerges from interaction

 More modalities are not enough

 Information type matters

 𝚽-Omni makes complementarity transferable
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Thank you!

Mingxin Liu

Ph.D. student, IMIC Lab @ NUIST
Email: mingxinliu@ieee.org

Visit IMIC Lab
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