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"Disentanglement in Multimodal Learning”

Data modalities |  Opportunities
i
i

The use of multiple modes

Metabolites,
immune status,

of communication (e g, biomarkers
text, images sound, video) to
enhance understanding.

Digital
clinical trials

Microbiome

Hospital-at-
home

EHR/scans

Pandemic
surveillance

Wearable
biosensors

Ambient
sensors

Virtual health
coach

Image from [1]

u [1] Julian N. Acosta et. al., “Multimodal biomedical Al”, Nature 2022
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"Disentanglement in Multimodal Learning”

Reality

Text

“A blue sphere in front of a
tall red cone, and a green

sphere to the right of it”

_

//‘ ;

X1 X2

Goal: Extract the unique z;, z, and the mutual
information component z;,

Why?

Interpretability

Handling of missing modalities

Generating missing modalities

Going beyond the shared information component
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EPFL  Spatial Transcriptomics (ST)

Spatial Transcriptomics is a method to map and quantify gene expression (mRNA transcripts),
preserving the native location within the cells or tissues. Links molecular function directly to

anatomical structure.
,

Imaging - based Sequencing - based
Targeted/biased Untargeted / unbiased
Pre-selected targets Whole transcriptome

[higher throughput]
Subsecullar resolution

[higher resolution] Lacks singles cell res

e.g., MERFISH e.g., 10x Visium




EPFL  Spatial Transcriptomics (ST)

‘Gene Expresstion :

10x Visium Spatial Transcriptomics

——-

Single Cell Gene Expression Spatially Resolved Gene Expression Tissue Section

Adapted from 10x Genomics



=PFL  Contrastive Learning Anchor ’

: . T : . Negatives
By leveraging similarity and dissimilarity, contrastive learning enables

models to map similar instances close together in a latent space while
pushing apart those that are dissimilar.

Positives

Maximize agreement

Z; Zj
)| l90)
h; <— Representation —> h;

Given: & = {x, a similarity function s(.)
Goal: s(f(x), f(x1) > s(f(x), f(x)), Vi, € {1,...,N}
InfoNCE loss:
original image P, = —Egyflog exp(s(f(x)?f(x+)))

(s(f(x), f(xF)) + Z§=1 (s(f ), f(x7)))

= [1] Google Brain, Ting Chen et. al. ,“A Simple Framework for Contrastive Learning of Visual Representations”, ICML 2020

aug. view t’




ePFL Challenges & Motivation "

Goal: Identification of spatial regions using spatial transcriptomics

STAIG: Using image-guided graph contrastive learning to analyze spatial transcriptomics.

Challenges in current ST methods:
e Biases in static graph structure

e Limitations in integrating histological images
e Need of extra alignment tools for multiple slices

Contributions of STAIG:

Extracts valid information from images without pre-training.
Integrated gene expression, spatial data, and histological images.
Dynamically adjusts graph structures.

Enables end-to-end batch integration without pre-alignment.



=pFL. Method overview

ST data include tissue slices with
spots (spatial coords + gene

counts) and, when available, H&E ’(

images.
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=pFL. Method overview

Histology Image

Images are segmented into
patches that align with the
locations of the spots. Then
each patch undergoes
denoising.

Then each patch is processed

by a BYOL network = patch
IRNx64.

7

level embeddings. C €
each row ¢; — image features

for spot v,

For each slice basic graph
construction G = (V,E), V: set
of N spots, E: edges derived
with KNN.

Extracting X € R™F — gene
expression matrix
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=pFL. Method overview

e Given m slices with respective
number of slots N, N,, ..., N,

m
the total spot countis 7.

® The respective feature images
Cl,C?..,C"are

concatenated vertically
1
C = c RTx64

Cm

® The adjacency matrices
Al ..., A™ are combined
diagonally
Al .0
A= . . . c RTxT

o ... A™

(.
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=pFL. Method overview

Histology Image

e Generate two augmented views
G,, G, from A by edge removal
from G:

1. Given C the image spatial
matrix D¢ € R™T is computed
(Dl;.’"g — distance between v, vj)

2. Obtain probability matrix
P = softmax(D"™¢) € R
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=pFL. Method overview
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=pFL. Method overview
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=pFL. Method overview
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ePFL Datasets

16

Platform

Tissue Section

#Spots/Bins

10x Visium (Human DLPFC)

10x Visium (Zebrafish melanoma)

10x Visium (Human breast)

10x Visium (Mouse brain)

Slide-seqV2

MERFISH

Stereo-seq
STARmap

151507
151508
151509
151673 (and other)
GSM4838131_Visium_A
GSM4838132_Visium_B
Human Breast Cancer Section 1
Mouse Brain Section 1 (Sagittal Anterior)
Mouse Brain Section 1 (Sagittal Posterior)
Mouse hippocampus (Puck_200115_08)
Mouse olfactory bulb (Puck_200127_15)
Mouse visual cortex (Mouse1.AUD_TEA_VIS.242.unexpand)
Mouse visual cortex (Mouse2. AUD_TEA VIS.242.unexpand)

Human middle temporal gyrus
(H18.06.006.MTG.4000.expand.rep3)

Mouse olfactory bulb

Mouse visual cortex

4226
4384
4789
3639
2179
2677
3798
2695
3355
52869
20139
5995
2479

3970

19109
1207




=PFL Results ”

Region Identification in Human Dorsolateral Prefrontal Cortex (DLPFC)

ARI .
STAIG - B Y Metrics used:
GraphST A s SRS~y .
shepsl]l . T Adjusted Rand Index (ARI)
Sé@g&r: ' °-°°'—-—°—° Measures clustering agreement while correcting for chance.
N =
uCoST -
stLearn e {EEEE——t . ARl = Rl — E[RI]
Seurat 1+t : : ~ 1—E[RI]
0.2 0.4 0.6 0.8
NMI
STAIG - ———
GraphST - [N ™ ) I . .
ST:gng‘ —a NMI:Normalized Mutual Information (NMI)
7 ’ +———ESslat
spca%]g;\li ] ' ' e Measures shared information between two clusterings, normalized to
7 t— TR
SEDR A R e . Dm—, . .
ML;EOST | oo ———wif the sum of their entropies
arn - ¢ ¢RI >
sSeeurat 1 e—i=X 21U, V)

T T T NMI(U,V) =
0.4 0.5 0.6 0.7 0.8 HWU)+HV)




=PFL Results STAIG

Manual annotation Manual annotation Histology
(#151672) (#151673)
. L . © Layer_3 4
Region Identification in Layer 4
Human Dorsolateral Prefrontal Cortex ¢ Layer 5
© Layer 6 ®lLayer_1
( DLP FC) WM ® Layer 2
® Layer_3
STAIG © Layer_4 STAIG
ARI=0.84,NMI=0.78 °1 ° Layer_5 ARI=0.68, NMI=0.74
02 Layer 6
Baselines
stLearn Seurat STAGATE SpaGCN DeepST ConST SEDR GraphST MuCoST
ARI=0.39, NMI=0.59 ARI=0.25, NMI=0.42 ARI=0.50, NMI=0.68 ARI=0.51, NMI=0.69 ARI=0.54, NMI=0.68 ARI=0.45, NMI=0.64 ARI=0.55, NMI=0.69 ARI=0.64, NMI=0.73 ARI=0.57, NMI=0.66
e

UMAP2

stLearn Seurat STAGATE SpaGCN

GraphST MucoST



=PFL Results 0

H&E stained image, manual annotations, and KNN

clustering results based purely on image features
RGB based CNN based

Histology Manual annotation 4 STAIG N stLearn N DeepST )

Histology Manual annotation

(Human Breast Cancer) stLearn DeepST ConST

®DCISILCIS_1  ®Healthy
ODCISILCIS_2 ®Healthy
®DCIS/LCIS_4 eIDC_1
DCISILCIS S ©IDC_2
®Tumor_edge_1 #IDC_3
Tumor_edge_2 #IDC_4
®Tumor_edge_3 ®IDC_5
®Tumor_edge_4 #IDC_6
Tumor_edge_5 ®IDC_7
Tumor_edge_6 ®IDC_8




=P=L Results 030 Silhouette Coefficient

STAIGs performance when lacking Imaging data
Stereo-seq mouse olfactory bulb tissue

STAIG STAGATE GraphST
(SC=0.29, DB=1.01) (SC=0.02, DB=4.20) (SC=0.03, DB=4.46)

AT

Seurat

DAPI-stained image
EPL. RMS

o1
Gl X
> 02
ONE
e3

\l(lé ::

IPL

GCL 6

MCL

Gabrat

oaNwAAON
OaNWAO

O-aNWAhOO
O-aNWMhOO
O=-aNWAhOO
O—\I\)whd

O-aNWAMOO
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=prL Final Remarks 2

Effective multi-modal data integration (elegant image
Q/ information integration that reduces arbitrary edge biases)

e Alignment-free integration of multiple tissue slices
(vertically stacks image embeddings and builds a block-
diagonal adjacency matrix)

e Strong empirical performance across different platforms
and datasets

e Neighborhood contrastive learning tailored for spatial data

e Graph construction still relies on initial KNN criteria and
block-diagonal concatenation.

e Computational complexity (scalability of GNNs and
expensive contrastive training)

e Stability issues in G!, G, mitigated with resampling which
increased compute & complexity

e Hyper-parameter sensitivity (k in KNN, choice of HVGs, PCA N
dims, edge-removal probability, neighbor positive and %
- negative set construction)
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Leveraging Tumor Heterogeneity: Heterogeneous
Graph Representation Learning for Cancer Survival
Prediction in Whole Slide Images

Junxian Wu'?* Xinyi Ke** Xiaoming Jiang** Huanwen Wu®' Youyong Kong>®'
Lizhi Shao'!

= 38th Conference on Neural Information Processing Systems (NeurlPS 2024)
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EPFL  Background

Whole Slide Images (WSI): High resolution digital versions
of physical glass microscope slides, enabling viewing, sharing
and analysis of histopathology slides without needing the
physical slide. The can be created from a slide stained with
various methods, including H&E (previous paper. )

e Gold standard in cancer diagnosis
e Rich prognosis information

Survival Prediction: in the context of cancer research is the
task of modeling and forecasting the time duration until a
specific event occurs (i.e , death of a patient)

* estimated based on the Cox Proportional Hazards (Cox PH)
model for survival analysis.

Lope = —logL(@) =~ D |6i—log Y e’
1:6;=1 JER®)
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=PFL Motivation

Goal: Cancer Survival Prediction using WSls.
ProtoSurv: heterogeneous graph model for cancer prognosis prediction

Current approaches & limitations:

® The detailed cellular information in WSIs comes at a cost of high memory usage
e To solve this Multiple Instance Learning (MIL) used to obtain slide-level
representation
- Loss of structure information across tissues
- Struggle to achieve good performance on prognostic prediction tasks

Contributions of ProtoSurv:
e Domain knowledge awareness
- Incorporate prior knowledge of prognostic tissue types
e Extensive validation on five public cancer benchmark datasets

and comparison with SOTA



=pFL. Method overview

(1) Preprocessing & Patching

(2) Heterogeneous Graph Construction

(ﬁ:tch Encoding & Classifying

WSI Preprocessing
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=pFL. Method overview

(1) Preprocessing & Patching

Graph construction

G = (V, E), where each patch
p; is a node v; in the graph.
Every node v; within the
heterogeneous has a category
¢; and a d—dimensional
feature vectorx; € &

(2) Heterogeneous Graph Constructlon

WSI Preprocessing

Patch Encoding & Classifying

UNI
Encoder

UNI
Classifier

Node Features

[TTTTI

» |

%Ommor 5
‘ | %OIMCIOSIS\ s
| e -
1 %O infiltration
|

Graph

Heterogeneous ||

CNC)

ONON

»

.

Heterogeneous

Graph

o

Multi-| Prototypes
for different
subtypes of !umor

f Multi-Prototypes

subtypes of stroma.

.___________________________________

I Histology View

O @

for different

GCN

. | Prior Guided Fusion

1 'Multi- -prototypes

of: tumor stroma
A .ee % .ee
v v Query

Prior Guided Cross Attention

Loss
Functions

Survwal
RISk

Mean
Pooling &
MLP

Fused
Prototypes
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=pFL Method overview
Structure View (SV): extract multi-hop neighborhood information

Instance-level feature input 1-Hop Neighborhood Aggregation 2-Hop Neighborhood Aggregation

256x256
Patch [ . ‘ ’ ’

#3x

1280x1280
Surrounding
Context

e [ GCN layers to leverage multi-hop neighborhood information:
h'= GCN(h'™!, A) € R™ where h° = X
H' = concat[h',h?, ..., ht] € RN<Ld

H=MLPH') € R¥%



=pFL. Method overview 28

Histology View (HV): learns prototype representations for each category

1. All node features within each category c are

averaged to obtain the initial prototype
pi..=MEANX,) € R

2. Klearnable parameters {z,, ..., z;} are used to shift

pi.., into multi-prototypes

c _ 1,2 k
Pprior_{pc’pc""’pc}
— c c c 4 } e IRde
= APinit + 25 Pt + 225 > Piis T %
(a) Calculate the initial prototype p{ . of a certain category using the average function. ‘ .
(b) Using learnable parameters to shift p . to multi-prototypes P =(pl.p2. ....pk1, 10 3. cross-attention for updatlng:

prior
P¢.. WO XwKIT

prior
Nz

4. Multiple prototypes P for all categories:

focus on different clusters (subtypes) within the category.

P.= softmax( [ )(XWV) e Rkxd

P ={P,P,, ... P} RKd



=prL. Method overview

Histology View (HV): illustration of various subtypes of certain tissues, justifying the use of

multi-prototype

(Stroma
i A By

Micropapilla Complex

o ) o 3 s 2

Inactivated Intermediate Activated

K stroma stroma stroma J

Adenosquamous Colloid Papillary
- K carcinoma carcinoma carcinoma J




=pFL. Method overview

subtypes of tumor.

A4 h 4 \ 4

Query
Prior Guided Cross Attention ‘

30
(1) Preprocessing & Patching (2) Heterogeneous Graph Construction
i ifvi Establlshln djacency Edges
WSI Preprocessing Patch Encoding & il:::lFf:/:iS 8 | y kdg
Patches NI | (T T T T T T 1]
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1
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P Q H KT
Prasion = 50 ﬂmax<[ WECIHWH] ) HW") € RCKxd (3) ProtoSurv _
Vd Led ! Histology View 1 Prior Guided Fusion
—_ X .
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. . cy [ c; ! B 3 TRAN .
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=pFL. Method overview

Overview of the loss function &

FL=L o  + [P

CcoX comp ortho
Cox regression loss Orthogonality loss
o ‘ ‘ (PO P Iy
ortho — -
’ PP,

Compeatibility loss

s; = MEAN(y (X5, f(p))

ffcomp = % Z [Sl_ci + log Z exp(—sl.c/)]

IEN c'#c

F



=PFL Results s2

All cancer types of WSls are from The Cancer Genome Atlas (TCGA) repository

Database Cases
Breast Invasive Carcinoma (BRCA) 1064
Lower Grade Glioma (LGG) 841
Lung Adenocarcinoma (LUAD) 512
Colon Adenocarcinoma (COAD) 441
Pancreatic Adenocarcinoma (PAAD) 208

Table 1: C-index (mean =+ std) over five cancer datasets. The best and second-best results are
highlighted in bold and underlined.
| PAAD BRCA LGG LUAD COAD

WSISA 0.573 £ 0.021 0.564 + 0.054 0.610 £ 0.013 0.576 £+ 0.045 0.564 + 0.034
ABMIL 0.625 + 0.063 0.657 £+ 0.064 0.710 £ 0.048 0.653 £+ 0.059 0.647 + 0.036
TransMIL 0.642 + 0.037 0.694 + 0.053 0.739 + 0.034 0.608 + 0.040 0.695 + 0.051
DeepAttMISL 0.596 + 0.034 0.634 + 0.017 0.657 £ 0.076 0.623 £+ 0.049 0.638 £+ 0.069
Patch-GCN 0.618 £+ 0.057 0.647 + 0.032 0.713 £ 0.054 0.635 + 0.027 0.652 + 0.086
DeepGraphConv 0.615 £+ 0.032 0.535 +£0.014 0.617 £+ 0.048 0.597 +0.037 0.621 + 0.085
HEAT 0.638 £ 0.030 0.693 + 0.084 0.741 £ 0.079 0.642 + 0.031 0.679 £+ 0.056
HGSurvNet 0.646 + 0.064 0.701 £ 0.067 0.746 + 0.043 0.638 + 0.064 0.673 +£0.043
PANTHER 0.673 + 0.082 0.699 £+ 0.019 0.748 + 0.046 0.631 £+ 0.029 0.635 £+ 0.056
ProtoSurv (Ours) 0.669 + 0.049 0.720 +0.040 0.774+0.063 0.658 +0.046 0.692 + 0.045




=PFL Results
Ablation study

w/ and w/o the main modules in ProtoSurv

| PAAD BRCA LGG LUAD COAD
wio HV | 0.61840.057 0.647+0.032 0.713+0.054 0.63540.027 0.652 + 0.086
w/o SV(mean pooling) | 0.624 +0.032 0.657+0.049 0.706 +0.036 0.646 + 0.051  0.684 - 0.044
w/o SV(concat pooling) | 0.661+0.057 0.713+0.039 0.766 +0.044 0.641 +0.037 0.688 + 0.046
w/o PGF(transpose fusion) | 0.653 +0.024 0.714 £0.041 0.724 £0.042 0.653 =0.055 0.657 £+ 0.074
w/o PGF(concat fusion) | 0.65240.040 0.719+0.024 0.712+0.084 0.662 4 0.064 0.659 + 0.058
ProtoSurv | 0.66940.049 0.720+0.040 0.774+0.063 0.658 +0.046 0.692 + 0.045
Effect of tissue category choices
| PAAD BRCA LGG LUAD COAD

DTC 0.641 £0.087 0.684 +£0.063 0.793+0.056 0.652+0.064 0.681 4 0.051

CTC 0.656 £0.066 0.706 = 0.058 0.776 =0.064 0.658 £ 0.050 0.690 £ 0.041

PTC(proposed) | 0.669 £0.049 0.720 £0.040 0.774+0.063 0.658 +0.046 0.692 + 0.045

Effects of compatibility and orthogonality losses

Leomp (@) | Lortho (B) | PAAD BRCA LGG LUAD COAD
0 y 0 | 0.65140.057 0.69340.046 0.765+0.054 0.661+0.052 0.690 + 0.046
0.1 0.1 0.656 +0.049 0.702+£0.052 0.769 +0.051 0.654 +0.046  0.694 + 0.038
0.1 0.01 0.658 +0.055 0.723+0.037 0.773+0.063 0.654 +0.041  0.692 + 0.043
0.01 0.1 0.669 +0.049 0.720£0.040 0.774+0.063 0.658 +0.046  0.692 + 0.045
0.01 0.01 0.662 +0.043 0.714+0.025 0.770+0.060 0.658 +0.049  0.690 + 0.044
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SV = Structure View
HV = Histology View
PGF = Prior Guided Fusion

DCT = Detailed Tissue Category
CTC = Coarse Tissues Category
PGF = Prior Tissue Category



=PFL Results as
Ablation study

Computational requirements

| Time (s) FLOPs (G) Model Parameters (M) Maximum GPU memory usage (MB)

ProtoSurv 0.29 627.3 39.1 5417
ProtoSurv-tiny 0.21 96.5 4.77 1523
PatchGCN 0.12 30.5 1.19 1570

Performance of ProtoSurv-tiny

| PAAD BRCA LGG LUAD COAD

ProtoSurv 0.669 £0.049 0.720£0.040 0.774+0.063 0.658 £0.046 0.692 + 0.045
ProtoSurv-tiny | 0.687 £0.049 0.707£0.044 0.756 £0.038 0.664 =0.039 0.673 = 0.039

Patch-GCN | 0.618 + 0.057 0.647 £ 0.032 0.713 £ 0.054 0.635 £ 0.027 0.652 £+ 0.086




=PFL Interpretability
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=PFL Interpretability
Attention Maps of Each Prototype
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=prL Final Remarks #

AN Incorporating pathological prior knowledge (Histology
Q/ View)

e Handling intra-tumor heterogeneity (introduces multiple
prototypes (K=8) for each tissue category, allowing the model
to capture different morphological and prognostic subtypes)

e Robust performance which outperforms or is comparable
to the current SOTA models

e Difficulty in obtaining node categories remains an obstacle
for its broader application (dependance on additional patch
classifier)
e The number of multi-prototypes is fixed and the same for
all tissue categories
e Computational complexity (dual-view, cross-attention,
GNNs, requires UNI fine-tuning) N
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