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Abstract

The integrative analysis of histopathological images and
genomic data has received increasing attention for survival
prediction of human cancers. However, the existing studies
always hold the assumption that full modalities are avail-
able. As a matter of fact, the cost for collecting genomic
data is high, which sometimes makes genomic data un-
available in testing samples. A common way of tackling
such incompleteness is to generate the genomic representa-
tions from the pathology images. Nevertheless, such strat-
egy still faces the following two challenges: (1) The gi-
gapixel whole slide images (WSIs) are huge and thus hard
for representation. (2) It is difficult to generate the genomic
embeddings with diverse function categories in a unified
generative framework. To address the above challenges,
we propose a Conditional Latent Differentiation Variational
AutoEncoder (LD-CVAE) for robust multimodal survival
prediction, even with missing genomic data. Specifically,
a Variational Information Bottleneck Transformer (VIB-
Trans) module is proposed to learn compressed patholog-
ical representations from the gigapixel WSIs. To generate
different functional genomic features, we develop a novel
Latent Differentiation Variational AutoEncoder (LD-VAE)
to learn the genomic and function-specific posteriors for the
genomic embeddings with diverse functions. Finally, we use
the product-of-experts technique to integrate the genomic
posterior and image posterior for the joint latent distribu-
tion estimation in LD-CVAE. We test the effectiveness of our
method on five different cancer datasets, and the experimen-
tal results demonstrate its superiority in both complete and
missing modality scenarios. The code is released †.

1. Introduction

Survival analysis aims at estimating the survival time for

an individual or a group of patients, which is a valid solu-

*Corresponding author
†https://github.com/JJ-ZHOU-Code/RobustMultiModel

Inference

Complete / Missing Data

WSIs Genomics

Training

Complete Data

Inference

Only Complete Data

GenomicsWSIs

Genomics

Missing

WSIs

(a) Traditional Multimodal Survival Prediction Method

(b) Our Robust Multimodal Survival Prediction Method

Survival Prediction

Survival Prediction

Model

Model

LD-CVAE

Figure 1. Comparison between (a) traditional and (b) our pro-

posed multimodal survival prediction methods, where the tradi-

tional methods require the complete multi-modal data while our

method is still effective if the genomic data is missing.

tion for cancer treatment and precision medicine [13, 29].

So far, diverse biomarkers are verified to be sensitive to the

survival prediction of human cancers, and these biomark-

ers can be broadly classified into two categories, i.e., im-

age biomarkers and genomic biomarkers [1, 33]. Among

all image biomarkers, the histopathological images provide

rich visual information for the assessment of histological

features, cellular organization, and other phenotypic char-

acteristics that are generally considered as the golden stan-

dard for cancer prognosis [21, 24]. Besides histopatho-

logical images, genomic data also offers insights into the

underlying molecular mechanisms of cancer [9, 44], and

thus many researchers leverage patients’ molecular profiles

such as genetic alterations and gene expression signatures

to drive prognostic practice [28, 35].

In many clinical and research studies, it is common to

acquire multiple biomarkers for a more accurate assessment

of disease status and progression stages [10]. Recently, re-

searches also explore to combine both pathological images

and genomic markers for the prognosis of cancer [4–6]. For

instance, the authors in [5, 46] have presented different inte-

grative survival prediction models based on the co-attention

transformer framework. Zuo et al. [48] explore the inter-

actions among different tumor micro-environment compo-

nents and propose an explainable multi-modal fusion frame-
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work for prognosis predictions of breast cancer. All these

studies suggest that the combination of genomic data and

pathological images can better stratify cancer patients with

distinct prognosis than using single biomarker.

Although much progress has been achieved, the existing

multimodal studies hold the assumption that both the imag-

ing and genomic data are available. As a matter of fact,

the cost for collecting genomic data is much higher than ac-

quiring the pathology images [30], which sometimes makes

genomic data unavailable in the testing samples and thus de-

teriorates the prediction performance for multimodal learn-

ing. A common way to address the issue of missing modal-

ity is to utilize one modality to reconstruct the features of

another modality, and thus the reconstructed feature can fill

in for the missing ones [7, 15, 22, 25, 26, 37, 40]. How-

ever, such strategy still faces the following two challenges

for the generation of the missing genomic features from the

whole-slide pathological images (WSIs):

1. The representation of gigapixel whole slide images
(WSIs): The WSIs are usually with huge size (e.g., 150, 000
× 150, 000 pixels) but only a small fraction of areas are

closely associated with the genotype information [3, 47]. It

is challenge to learn effective representation from the WSIs

for the reconstruction of the genomic feature.

2. Generate the genomic embeddings with diverse func-
tion categories: Since different genes are usually with di-

verse biological functional impact (e.g., oncogenesis and

cell differentiation), it is difficult to address such difference

for the generation of genomic embeddings in an unified gen-

erative framework.

To address the above challenges, we present a Condi-

tional Latent Differentiation Variational AutoEncoder (LD-

CVAE) that can reconstruct the genomic embeddings with

diverse biological functions from WSIs for robust multi-

modal survival prediction, even with the missing genomic

data (as shown in Fig. 1). The experimental results on five

cancer cohorts derived from the The Cancer Genome Atlas

(TCGA) clearly demonstrate its advantage for both com-

plete and missing modality scenarios when comparing with

the existing studies. We summarize the main contributions

of this study as follows:

• We introduce a robust multimodal survival prediction

model that can handle the missing of the genomic data.

• We develop a Variational Information Bottleneck Trans-

former (VIB-Trans), which employs both the information

bottleneck theory and Transformer to obtain useful patho-

logical representation for genomic profile reconstruction.

• We propose a novel Latent Differentiation Variational

AutoEncoder (LD-VAE) that can help generate different

functional genomic embeddings by learning both the ge-

nomic and function-specific posteriors.

• We further learn the joint posterior in LD-CVAE by the

product-of-experts technique that can integrate genomic

posterior and pathological posterior. Additionally, an

alignment loss is introduced to align pathological and ge-

nomic latent distributions for better estimating the joint

distribution.

2. Related Work
2.1. Multimodal Survival Analysis

By integrating pathological WSIs and genomic data, multi-

modal approaches [4–6, 18, 42, 45, 46] provide a more com-

prehensive perspective on patient stratification and prog-

nosis. For instance, Chen et al. [4] use the Kronecker

Product to model pairwise feature interactions across multi-

modal data. Chen et al. [5] present a multimodal co-

Attention transformer (MCAT) framework that learns an in-

terpretable, dense co-attention mapping between WSIs and

genomic features formulated in an embedding space. Fur-

thermore, Xu et al. [42] propose an optimal transport based

co-attention learning module that can match instances be-

tween histology and genomics to represent the gigapixel

WSI. Zhang et al. [45] explore multimodal cancer sur-

vival prediction and propose a new framework called PIBD

aimed at addressing both “intra-model redundancy” and

“inter-model redundancy” challenges. However, the above

multimodal studies usually require the completeness of all

modalities for training and evaluation, limiting their appli-

cability in real-world with missing-modality challenges.

2.2. Missing Modality in Multimodal Learning

To address the missing modality issues in multimodal learn-

ing. Ma et al. [25] propose a new method named SMIL

that leverages Bayesian meta-learning for the generation of

missing modality data. Wu et al. [40] introduce a mul-

timodal variational autoencoder (MVAE) that uses a sub-

sampled training paradigm to solve the missing modal-

ity problem. In addition, the study in [26] comprehen-

sively examines the behavior of Transformers in the pres-

ence of modality-incomplete data and further improves the

robustness of the Transformer via multi-task optimization.

ShaSpec [37] is introduced to model and fuse shared and

specific features to address the missing modality data. How-

ever, it is still challenge to recover the missing genomic pro-

files from WSIs since they are with high-resolution that are

hard for representation. Additionally, the extracted genomic

features have diverse biological functions, and it is not easy

to reconstruct them in an unified framework.

3. Method
3.1. Overview

The overall framework of the proposed robust multimodal

survival prediction model is shown in Fig. 2. Specifically,

after extracting the multimodal features from both WSI
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Figure 2. The flowchart of the proposed robust multimodal survival prediction model is consisted of three steps. In the multimodal bag

representation step, we extract multimodal features from both WSI and genomic data. Then, a conditional latent Differentiation Variational

AutoEncoder (LD-CVAE) is proposed to reconstruct the genomic representation from the image data, and thus our method is still effective

if the genomic data is missing in the testing stage. Finally, the co-attention module is applied to guide the selection of survival-associated

instance, which is then combined with the reconstructed genomic features for survival prediction.

and genomic data, a VIB-Trans block is proposed to learn

compressed pathological representation from the gigapixel

WSIs. To reconstruct the genomic features from WSIs, we

introduce LD-VAE to learn the genomic posterior by which

we can further learn function-specific posteriors for generat-

ing genomic features with diverse biological functions. Fur-

thermore, we use a product-of-experts to obtain the joint

latent distribution and introduce an alignment loss to im-

prove modality consistency and enhance the estimation of

the joint distribution. Finally, the co-attention module is ap-

plied to guide the selection of survival-associated instances,

which is then combined with the reconstructed genomic fea-

tures for survival prediction.

3.2. Problem Formulation.

We aim to predict time-to-event results for survival analy-

sis, where the event outcome is not always observed (e.g.
right-censored data); these predictions are obtained to esti-

mate the probability of an event occurring before a spec-

ified time. For the k-th patient, we can model the sur-

vival function f
(k)
surv(T ≥ t, I(k)) and hazard function

f
(k)
hazard(T = t|T ≥ t, I(k)) given relative information

I(k) = (P (k), G(k), c(k), t(k)), where P (k) represents the

set of WSIs, G(k) denotes the genomic profiles, c(k) ∈
{0, 1} indicates the right uncensorship status, and t(k) ∈
R

+ is the overall survival time (in months). We learn the

representation f(I(k)) for the computation of the survival

loss Lsurv({f(I(k)), t(k), c(k)}ND

k=1), where ND is the num-

ber of samples in the training sets. Specifically, we adopt

the negative log-likelihood (NLL) loss [43] as the objective

function:

Lsurv = −
ND∑

k=1

c(k) log(f (k)
surv(t|f(I(k))))

+ (1− c(k)) log(f (k)
surv(t− 1|f(I(k))))

+ (1− c(k)) log(f
(k)
hazard(t|f(I(k))))

(1)

3.3. Data Construction

3.3.1 Pathological Features Preparation

Given an input WSI P (k) for the k-th patient, we first seg-

ment the tissue regions from it and then crop it into a set of

non-overlapping patches at 10× magnification, which can

be denoted as {p(k)j }Mj=1, where M represents the total num-

ber of patches. Next, a pre-trained feature extractor ϕp(·)
(we use CTransPath [38, 39] in this work) following with a

fully connected layer is employed to extract the pathologi-

cal features Y (k) as follows:

Y (k) = {ϕp(p
(k)
j )}Mj=1 = {y(k)1 , y

(k)
2 , ..., y

(k)
M } (2)

3.3.2 Genomic Features Preparation

Genomic data are typically quantified as 1 × 1 measure-

ments. Following previous works [5, 42], the genomic data

can be grouped into N = 6 functional categories: 1)Tumor

Suppression, 2) Oncogenesis, 3) Protein Kinases, 4) Cellu-

lar Differentiation, 5) Transcription, and 6) Cytokines and
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Growth. We denote the grouped genomic data for the k-th

patient as {g(k)i }Ni=1. Then, a fully connected layer ϕg(·)
introduced in [5] is applied to extract the genomic features

for the k-th patient as:

X(k) = {ϕg(g
(k)
i )}Ni=1 = {x(k)

1 , x
(k)
2 , ..., x

(k)
N } (3)

3.4. Conditional VAE

The conditional variational autoencoder (CVAE) [32] per-

forms the variational inference with condition from the

prior latent distribution. In this study, our goal is to gen-

erate target genomic features X with pathological features

Y . Mathematically, the objective function of the evidence

lower bound (ELBO) in CVAE under our settings can be

formulated as (more details can be found in the Supplemen-
tary Material):

LELBO = −Eqφ(z|X,Y )logpθ(X|z, Y )

+βKL[qφ(z|X,Y ), p(z)]
(4)

where the likelihood pθ(X|z, Y ) is parameterized by deep

neural network (decoder) with θ, q(z|X,Y ) refers to the

joint posterior of pathology and genomics, and p(z) repre-

sents a prior distribution.

3.5. Pathological VIB Transformer

The CVAE is conditioned on pathological features, how-

ever, WSIs are consisted of huge number of instances

that are hard for representation. Accordingly, we propose

the Pathological Variational Information Bottleneck Trans-

former (VIB-Trans) that can effectively generate the bag-

level representation. Specifically, following the goal of In-

formation Bottleneck (IB) [34], we aim to learn zY com-

pressed from the pathological features Y while maximally

conserving useful information for the survival prediction

target T . Then, we use the Variational Information Bot-

tleneck (VIB) [2] to approximate the computation of IB

by using variational inference with the following objective

function as (more details can be found in the Supplementary
Material):

LV IB-Trans = EzY ∼p(zY |Y )[Lsurv(zY ,t,c)]

+βKL(p(zY |Y ), r(zY ))
(5)

where the Lsurv(zY ,t,c) is the survival prediction loss in

Eq. (1). r(zY ) and p(zY |Y ) correspond to the variational

approximation of p(zY ) and posterior distribution over zY ,

respectively.

In practice, the posterior p(z|Y ) can be approxi-

mated by an encoder in the form of p(zY |Y ) =
N (zY |fμY

e (Y ), fΣY
e (Y )), where fe is an MLP. However,

the traditional MLP can not capture the special correlations

among different instances. Consequently, we add the trans-

former encoder to VIB denoted as VIB-Trans (see Fig. 3(a)

(b) LD-VAE Architecture (a) VIB-Trans Architecture

Transformer Encoder
Transformer Encoder

Image  Encoder Gene  Encoder

Figure 3. The architectures of (a) VIB-Trans and (b) LD-VAE.

Both VIB-Trans and LD-VAE obtain posterior parameters by em-

ploying their respective transformer encoder with two learnable

tokens, i.e., μtoken and Σtoken. Additionally, LD-VAE further

learns the function-specific posteriors from the genomic posterior

μ and Σ.

for the architecture of VIB-Trans). Specifically, VIB-Trans

takes the instance-level features Y = {y1, y2, ..., yM} as

input, and outputs the distribution parameters μY and ΣY

in VIB. To embed arbitrary sizes of pathological features

into a shared latent space, we apply the pooling operation

to obtain the bag-level representation μY and ΣY . Inspired

by the [class] token, which has been widely used in other

domains for information aggregation [8], we also set two

learnable tokens μtoken
Y and Σtoken

Y to learn the global in-

formation of pathological features for the construction of

the posterior distribution p(zY |Y ). To tackle the compu-

tation burden in traditional self-attention [36], we employ

the Nystrom attention [31, 41, 46] for approximation. In

summary, VIB-Trans can describe the global information

of WSIs with the compressed representation zY .

3.6. Conditional Latent Differentiation VAE

3.6.1 Latent Differentiation VAE

In general, genomic features extracted from different func-

tional groups usually have diverse statistical properties [23],

making it challenging to generate all genomic features in a

unified generative model. Therefore, we propose the Latent

Differentiation Variational AutoEncoder (LD-VAE) for the

reconstruction of genomic features X = {x1, x2, ..., xN}
with N functional categories. Specifically, we assume that

each genomic feature in X is conditionally independent

given a latent variable zX . Then, the objective of VAE can

be optimized with the ELBO, and the loss function can be

defined as follows:

LELBO = −Eqφ(zX |X)[

N∑

i=1

log pθ(xi|zX)]

+βKL[qφ(zX |X), p(zX)]

(6)
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However, it is difficult to generate different functional

genomic features xi directly from the genomic posterior

p(z|x1, x2, ..., xN ) as solely the genomic posterior will af-

fect the diversity of the generated genomic features [40].

To address this, we introduce the function-specific posteri-

ors p(zi|X) by applying a latent differentiation process that

transforms the genomic posterior into function-specific pos-

teriors. Therefore, we can establish a shared latent space on

all genomic features as well as refining the function-specific

posteriors for each genomic category.

Specifically, we assign a unique latent variable zi to each

xi and assume that xi, zi and zX satisfy the Markov chain

xi ↔ zi ↔ zX . Thus, we can reformulate log p(xi|zX) in

Eq. (6) as follows (more details are provided in the Supple-
mentary Material):

log p(xi|zX) = log p(xi, zi|zX) = log p(xi|zi)p(zi|zX)
(7)

Then the loss function of LD-VAE can be derived as:

LELBO = −Eqφ(zX |X)[

N∑

i=1

log pθ(xi|zi)p(zi|zX)]

+β(
N∑

i=1

KL[qφ(zi|X), p(zi)] +KL[qφ(zX |X), p(zX)])

(8)

Here, p(zi|zX) can be approximated in the form of

p(zi|zX) = N (zi|ψμ
i (zX), ψΣ

i (zX)) where ψi serves as

an MLP mapper. In practice, each function-specific poste-

rior should also approximate prior distribution r(zi), which

can be accomplished by minimizing the Kullback-Leibler

divergence. The detailed architecture of LD-VAE has been

shown in Fig. 3(b), and we provide more details in the Sup-
plementary Material.

3.6.2 Conditional Latent Differentiation VAE

The Conditional Latent Differentiation VAE (LD-CVAE)

adds the condition of pathological features Y into LD-VAE

for the reconstruction of different functional genomic fea-

tures X , and we can derive the loss function of ELBO in

LD-CVAE by combining Eq. (4) and Eq. (8) as follows:

LELBO = −Eqφ(z|X,Y )[

N∑

i=1

log pθ(xi|zi, Y )p(zi|z)]

+β(
N∑

i=1

KL[qφ(zi|X,Y ), p(zi)] +KL[qφ(z|X,Y ), p(z)])

(9)

where qθ(z|X,Y ) represents the joint posterior of the

pathological and genomic features. For the purpose of com-

puting log pθ(xi|zi, Y ), we additionally incorporate the la-

tent representation zY into the reconstruction network θi.

3.6.3 Joint Pathology-Genomics Distribution Learning

One critical problem for optimizing Eq. (9) is to estimate the

joint posterior q(z|X,Y ). According to the previous work

[40], a product-of-experts (PoE) can be applied to approxi-

mate the joint posterior q(z|X,Y ) by the combination of the

marginal posteriors q̃(z|X) and q̃(z|Y ), with the following

formulation (derivation can be found in the Supplementary
Material):

p(z|X,Y ) ≈ q̃(z|X)q̃(z|Y )p(z) ≡ q(z|X,Y ) (10)

Here, we approximate p(z|X) ≡ q̃(z|X)p(z), p(z|Y ) ≡
q̃(z|Y )p(z) where q̃(·) is the underlying inference net-

work. Specifically, q̃(z|X) and q̃(z|Y ) can be rep-

resented as q̃(z|X) = N (z|μX ,ΣX) and q̃(z|Y ) =
N (z|μY ,ΣY ), which can be derived from the variational

genomic posterior of genomic features (shown in Eq. (8))

and variational posterior of pathological features (shown

in Eq. (5)). In practice, p(z) is a spherical Gaussian dis-

tribution N (z|x0, y0). Since the product of Gaussian still

follows the Gaussian distribution, we can derive the joint

posterior in the closed form as: q(z|X,Y ) = N (μ,Σ),
where Σ = (Σ−1

0 +
∑

i∈{X,Y } Σ
−1
i )−1, μ = (μ0Σ

−1
0 +

∑
i∈{X,Y } μiΣ

−1
i Σ−1). It worth noting that the employ-

ment of PoE allows us to learn the joint posterior using

complete multimodal data during training and approximate

the joint posterior distribution during testing, even in the

absence of genomic data.

To enhance the consistency between pathological fea-

tures and genomic features, we propose an alignment

loss that optimizes the Wasserstein distance [11] between

the marginal distributions q̃(z|X) = N (z|μX ,ΣX) and

q̃(z|Y ) = N (z|μY ,ΣY ), which can be denoted as follows:

LAlign = ||μX−μY ||2+Tr(ΣX+ΣY −2(Σ
1/2
Y ΣXΣ

1/2
Y )

1/2
)

(11)

Since the covariance matrices are diagonal, it can be further

simplified to:

LAlign = ||μX − μY ||2 + ||ΣX − ΣY ||2 (12)

3.6.4 The Objective Function of LD-CVAE

By the combination of Eq. (9) and Eq. (12), the final ob-

jective function of LD-CVAE can be formulated as follows:

LLD-CV AE = LELBO + αLAlign (13)

where α controls the impact of LAlign.

3.7. Multimodal Fusion and Prediction

After obtaining the pathological features Y and the recon-

struction genomic features X̃ from the LD-CVAE, we com-

bine them to obtain the fused representation. Specifically,
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we apply the Genomic-Guided Co-Attention Layer reported

in [5] to model pairwise interactions between the instance-

level pathological features Y and their corresponding ge-

nomic features X̃ , which can be formulated as

CoAttnX̃→Y (X̃, Y ) = softmax(
WqX̃(WkY )�√

dk
)WvY

(14)

We further apply two set-based MIL Transformers TP ,TG
[5] with the global attention pooling function Fattnpool(·) to

construct the bag-level pathological and genomic features

by aggregating feature embeddings of Ŷ and X̃ . The two

embeddings are concatenated and then fed into the fully

connected layer to obtain the final feature embeddings for

survival prediction.

Overall Loss. The final loss consists of three terms: the

survival loss Lsurv , VIB-Trans loss LV IB-Trans and LD-

CVAE loss LLD-CV AE , which can be formulated as:

L = Lsurv + LV IB-Trans + LLD-CV AE (15)

4. Experiments

4.1. Datasets and Settings

Datasets and Evaluation. To validate the effectiveness

of our proposed method, we use five different cancer

datasets from The Cancer Genome Atlas (TCGA) 1: Blad-

der Urothelial Carcinoma (BLCA), Breast Invasive Car-

cinoma (BRCA), Glioblastoma and Lower Grade Glioma

(GBMLGG), Lung Adenocarcinoma (LUAD), and Uterine

Corpus Endometrial Carcinoma (UCEC). We employ 5-fold

cross-validation for each dataset. The performance of our

model is assessed by concordance index (C-index) [14].

Additionally, we employ the Kaplan-Meier (KM) survival

curves [19] and Log-rank test [27] to test the patient strati-

fication performance among different methods .

Implementation. For each WSI, we employ a pre-trained

Swin Transformer encoder (CTransPath) [38, 39] as the

pathological encoder ϕp. For genomic data, we use the

SNN [20] as the encoder ϕg . During the training process,

we empirically set the parameter α in Eq. (13) as 0.1. The

hyperparameter β for Kullback-Leibler divergence is an-

nealed using a cosine schedule, and thus forming a valid

lower bound on the evidence. More discussions for the pa-

rameter settings can be found in the Supplementary Mate-
rial. We adopt Adam optimizer with the initial learning rate

of 2×10−4 and weight decay of 1×10−5. Following the

setting of [5], we use the batch size of 1 for model training.

1https://portal.gdc.cancer.gov/

4.2. Comparisons with State-of-the-Arts

To demonstrate the effectiveness of our model on com-

plete multimodal data, we compare it with state-of-the-

art (SOTA) methods for both unimodal and multimodal

survival analysis. For unimodal methods, we consider

genomic-based approaches such as MLP [16], SNN [20]

and SNNTrans [20, 31], along with histopathological base-

lines like ABMIL [17], CLAM [24], TransMIL [31]. For

multimodal methods, we compare our model with Por-

poise [6], MCAT [5], MOTCat [42], CMTA [46], Surv-

Path [18], and PIBD [45]. In addition, to further ver-

ify the effectiveness of our model with missing genomic

data, we compare it with the following studies that can ad-
dress missing modality data for multimodal learning:

(a) VAEs [2] and GANs [12] are both generative models

and we can use them to generate the missing genomic data;

(b) MVAE [40] is a multimodal generative model that can

tackle missing modality in the testing stage. (c) SMIL [25]

is proposed to handle missing modality in multimodal learn-

ing by leveraging Bayesian meta-learning. (d) ShaSpec [37]

fuses shared and specific features to address the missing

modality data. (e) Robust Multimodal Transformer [26] is

presented to improve the robustness of multimodal Trans-

former via multi-task learning.

Compared with Unimodal Models. From the results in

Tab. 1, we can observe that the multimodal methods consis-

tently outperform unimodal approaches, demonstrating the

advantage of the integrative analysis of genomics and his-

tology for survival analysis. Note that our approach outper-

forms its unimodal counterparts across all datasets. Specifi-

cally, compared to the best model relying on genomic data,

our method can improve the overall performance by 5.2%.

On the other hand, our method also surpass the best existing

studies based on pathology image data by 5.9%.

Compared with Multimodal Models. As can be seen

from Tab. 1, compared with all multimodal approaches, the

proposed method achieves the highest performance in 4 out

of 5 cancer datasets with 1.0%-3.9% improvement. These

results clearly demonstrate the advantage of our method

that can better learn genomic representation and fuse multi-

modal data for survival prediction of human cancers.

Compared with Baseline Models Addressing Missing
Modality. For our method and its competitors, we use

complete data for model training and test their performance

with missing genomic data. The experimental results shown

in Tab. 2 suggest that all the studies addressing missing

modality can achieve higher C-index values in comparison

with the studies solely relying on the pathology image data

(shown in Tab. 1). On the other hand, the experimental re-

sults in Tab. 2 also indicate that our method can achieve

higher C-index values than the comparing studies, high-
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Table 1. Comparisons of C-index (mean ± std) with SOTA methods over five cancer datasets. g. and h. refer to solely relies on image and

genomic data, respectively. The best results and the second-best results are highlighted with bold and in underline, respectively.

Model Modality BLCA BRCA GBMLGG LUAD UCEC Overall
(N=373) (N=957) (N=571) (N=452) (N=480)

MLP g. 0.613 ± 0.019 0.587 ± 0.033 0.809 ± 0.029 0.617 ± 0.026 0.657 ± 0.036 0.657

SNN g. 0.619 ± 0.023 0.596 ± 0.027 0.805 ± 0.030 0.625 ± 0.019 0.651 ± 0.018 0.659

SNNTrans g. 0.627 ± 0.019 0.618 ± 0.018 0.816 ± 0.037 0.631 ± 0.023 0.641 ± 0.026 0.667

ABMIL h. 0.622 ± 0.051 0.614 ± 0.037 0.786 ± 0.028 0.596 ± 0.067 0.649 ± 0.028 0.652

CLAM-SB h. 0.613 ± 0.058 0.607 ± 0.016 0.792 ± 0.032 0.590 ± 0.076 0.650 ± 0.066 0.650

CLAM-MB h. 0.621 ± 0.065 0.617 ± 0.012 0.799 ± 0.028 0.596 ± 0.075 0.657 ± 0.028 0.658

TransMIL h. 0.625 ± 0.050 0.614 ± 0.037 0.803 ± 0.037 0.593 ± 0.063 0.665 ± 0.019 0.660

Porpoise g.+h. 0.661 ± 0.034 0.644 ± 0.010 0.829 ± 0.033 0.646 ± 0.025 0.660 ± 0.106 0.694

MCAT g.+h. 0.660 ± 0.046 0.652 ± 0.019 0.833 ± 0.029 0.642 ± 0.054 0.686 ± 0.042 0.695

MOTCat g.+h. 0.667 ± 0.038 0.659 ± 0.034 0.835 ± 0.037 0.656 ± 0.021 0.683 ± 0.060 0.700

CMTA g.+h. 0.671 ± 0.039 0.648 ± 0.048 0.846 ± 0.041 0.666 ± 0.025 0.699 ± 0.035 0.706

SurvPath g.+h. 0.663 ± 0.026 0.661 ± 0.024 0.839 ± 0.039 0.671 ± 0.036 0.709 ± 0.039 0.709

PIBD g.+h. 0.634 ± 0.029 0.636 ± 0.028 0.817 ± 0.038 0.628 ± 0.063 0.687 ± 0.072 0.680

Ours g.+h. 0.686 ± 0.035 0.680 ± 0.030 0.849 ± 0.017 0.676 ± 0.015 0.703 ± 0.069 0.719

Table 2. Comparisons of C-index (mean ± std) with methods addressing missing modality over five cancer datasets. The best results and

the second-best results are highlighted in bold and in underline, respectively

Model BLCA BRCA GBMLGG LUAD UCEC Overall

VAE 0.622 ± 0.010 0.629 ± 0.020 0.805 ± 0.032 0.598 ± 0.029 0.660 ± 0.029 0.663

GAN 0.621 ± 0.018 0.621 ± 0.027 0.793 ± 0.045 0.608 ± 0.028 0.663 ± 0.036 0.661

MVAE 0.629 ± 0.009 0.619 ± 0.027 0.790 ± 0.018 0.610 ± 0.030 0.661 ± 0.024 0.662

SMIL 0.627 ± 0.015 0.610 ± 0.010 0.807 ± 0.012 0.608 ± 0.035 0.678 ± 0.016 0.666

ShaSpec 0.630 ± 0.031 0.626 ± 0.027 0.810 ± 0.024 0.613 ± 0.036 0.672 ± 0.037 0.670

Transformer 0.629 ± 0.022 0.621 ± 0.046 0.814 ± 0.016 0.610 ± 0.020 0.673 ± 0.012 0.669

Ours 0.649 ± 0.040 0.641 ± 0.012 0.821 ± 0.021 0.628 ± 0.008 0.681 ± 0.044 0.684

lighting the capability of our method in handling the miss-

ing modality of genomic data for survival prediction.

4.3. Ablation Study

Impact of VIB-Trans. For the variant of w/o VIB-Trans,

we use TransMIL encoder as a baseline to represent WSI

(additional results of other baselines are provided in the

Supplementary Material). As shown in Tab. 3, compared

with the TransMIL encoder, VIB-Trans improves the over-

all performance by 1.8% on complete data and 1.9% with

missing genomic data, which implies that VIB-Trans can

effectively obtain the representation of WSIs.

Impact of LD-VAE. For the variant of w/o LD-VAE,

we only use the VAE architecture for the genomic poste-

rior estimation without considering the functional differ-

ence among diverse genomic features. As shown in Tab. 3,

our method surpass w/o LD-VAE by 1.2% and 0.9% on

complete multi-modal data and the scenario with missing

genomic data, respectively. These results again validate the

advantage of our method that can generate better genomic

representations for survival prediction.

Impact of Alignment Loss. Additionally, we evaluate

the effect of the alignment loss (shown in Eq. (12) in our

method. As can be seen from Tab. 3, our method achieves

higher C-index values than its variant i.e., w/o Alignment

loss. This is because the proposed alignment loss can im-

prove the consistency for multi-modal integration, and thus

can enhance the estimation of joint posterior with marginal

pathological posterior. More discussions for the ablation

study can be found in the Supplementary Material

4.4. Patient Stratification

Besides comparing the prognosis performance of different

methods by the measurements of C-index, another impor-

tant task for cancer prognosis is to stratify cancer patients

into different groups with diverse clinical outcomes, by

which we could develop personalized treatment for differ-

ent cancer patients. In Fig. 4, we compare the patient strat-

ification performance of our method under the settings of

complete multi-modal data (top row of Fig. 4) and missing

genomic data (bottom row of Fig. 4). As shown in Fig. 4,

we derive similar stratification performance under these two

settings across different cancer cohorts. These results fur-

ther clearly demonstrate that the generated genomic feature
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Table 3. Ablation study under both complete modality and missing modality scenarios.

Variants Missing BLCA BRCA GBMLGG LUAD UCEC Overall

w/o VIB-Trans
0.651 ± 0.035 0.685 ± 0.020 0.833 ± 0.058 0.646 ± 0.048 0.691 ± 0.053 0.701

� 0.616 ± 0.024 0.619 ± 0.019 0.820 ± 0.040 0.623 ± 0.035 0.647 ± 0.037 0.665

w/o LD-VAE
0.674 ± 0.017 0.671 ± 0.024 0.835 ± 0.027 0.668 ± 0.024 0.688 ± 0.025 0.707

� 0.641 ± 0.035 0.634 ± 0.048 0.814 ± 0.019 0.616 ± 0.012 0.672 ± 0.056 0.675

w/o Alignment Loss
0.663 ± 0.024 0.676 ± 0.040 0.828 ± 0.033 0.659 ± 0.017 0.689 ± 0.024 0.703

� 0.643 ± 0.031 0.629 ± 0.026 0.783 ± 0.019 0.621 ± 0.021 0.670 ± 0.036 0.669

Ours
0.686 ± 0.035 0.680 ± 0.030 0.849 ± 0.017 0.676 ±0.015 0.703 ± 0.069 0.719

� 0.649 ± 0.040 0.641 ± 0.012 0.821 ± 0.021 0.628 ± 0.008 0.681 ± 0.044 0.684

O
ur
s

O
ur
s

(M
is
si
ng
)

BLCA BRCA GBMLGG LUAD UCEC

p-value: 9.78e-03p-value: 1.40e-07 p-value: 2.50e-05p-value: 1.53e-30 p-value: 4.56e-04

p-value: 7.12e-02p-value: 6.52e-03 p-value: 4.06e-18 p-value: 4.75e-02 p-value: 4.26e-03

Figure 4. Kaplan-Meier Analysis of predicted high-risk (red) and low-risk (green) groups on five cancer datasets under both complete

modality (top) and missing modality (bottom) scenarios. Shaded areas refer to the confidence intervals.

Co-attention
(Tumor Supression)

Top 5 patches with the highest co-attention scores

Top-1 Top-2 Top-3 Top-4 Top-5

Top-1 Top-2 Top-3 Top-4 Top-5

Top 5 patches with the highest co-attention scores

TCGA-4Z-AA82 (BLCA)

Results of Complete Modality

Co-attention
(Tumor Supression)

Results of Missing Modality

Survival time: 51.12 months

Image size: 97,608 89,498 pixels

Figure 5. Comparison of the co-attention weights calculated from

the genuine (top) and generated (bottom) genomic features.

by our method is also associated with the survival informa-

tion, which in turn can help predict the clinical outcome

of cancer patients. We also compare the prognosis perfor-

mance of our method for patient stratification with other

SOTA algorithms in the Supplementary Materials, and our

method can still achieve superior prediction results.

4.5. Visualization Results

In this section, we further compare the co-attention weights

that are calculated from the ground truth and generated

genomic feature. In Fig. 5, we visualize the co-attention

weights and show the patches with top-5 scores for the ge-

nomic features with the function of Tumor Suppression. As

shown in Fig. 5, we could derive similar visualization re-

sults of co-attention score among genuine and reconstructed

genomic features. In addition, their corresponding top-5
highly correlated patches also share similar visual appear-

ance. These results again suggest the advantage of our

method that can generate genomic features with close con-

nection to the pathology images. More visualization results

are provided in the Supplementary Material.

5. Conclusion

In this paper, we present a Conditional Latent Differen-

tiation Variational AutoEncoder (LD-CVAE) that can re-

construct the genomic embeddings with diverse biological

functions from WSIs for robust multimodal survival pre-

diction. The experimental results on five different cancer

datasets demonstrate the superiority of our method under

both complete and missing modality scenarios.
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