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ABSTRACT

Multimodal learning significantly benefits cancer survival prediction, especially
the integration of pathological images and genomic data. Despite advantages of
multimodal learning for cancer survival prediction, massive redundancy in mul-
timodal data prevents it from extracting discriminative and compact information:
(1) An extensive amount of intra-modal task-unrelated information blurs discrim-
inability, especially for gigapixel whole slide images (WSIs) with many patches
in pathology and thousands of pathways in genomic data, leading to an “intra-
modal redundancy” issue. (2) Duplicated information among modalities domi-
nates the representation of multimodal data, which makes modality-specific in-
formation prone to being ignored, resulting in an “inter-modal redundancy” is-
sue. To address these, we propose a new framework, Prototypical Information
Bottlenecking and Disentangling (PIBD), consisting of Prototypical Information
Bottleneck (PIB) module for intra-modal redundancy and Prototypical Informa-
tion Disentanglement (PID) module for inter-modal redundancy. Specifically, a
variant of information bottleneck, PIB, is proposed to model prototypes approx-
imating a bunch of instances for different risk levels, which can be used for se-
lection of discriminative instances within modality. PID module decouples entan-
gled multimodal data into compact distinct components: modality-common and
modality-specific knowledge, under the guidance of the joint prototypical distri-
bution. Extensive experiments on five cancer benchmark datasets demonstrated
our superiority over other methods. The code is released

1 INTRODUCTION

Cancer survival analysis (Cox, 1975} Jenkins| [2005; [Salerno & Li, 2023)) 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 the prognosis of a majority of cancer
types (Chen et al., |2020; |2022bj [2021}; Jaume et al., [2023; |Xu & Chenl 2023). These modalities
offer diverse perspectives for patient stratification and informing therapeutic decision-making (Zuo
et al.|2022)). For example, histological images give visual phenotypic information about tumor mi-
croenvironment, e.g., the organization of cells (Jackson et al.|[2020), for different grading of cancer,
while genomics data provides global landscapes (Gyorftyl 2021) for various molecular subtyping
of cancer. They collaboratively contribute to different survival outcomes. Nevertheless, a large
quantity of redundancy in mulitmodal data poses some significant challenges to effective fusion.

The primary question at hand is: How can we capture the discriminative information from single
modality by eliminating its redundancy, referred as “intra-modal redundancy” issue? The label for
a WSI consisting of numerous patches is typically provided at the WSI level, leading to weak su-
pervision for survival prediction. In the absence of precise annotations, such as patch-wise labeling
for cancerous regions in WSIs, both task-related and irrelevant information become intermingled
in the model’s input, resulting in information redundancy (Hosseini et al., [2023). Specifically,
the region of interest, e.g., the tumor cells highly related to risk assessment, only occupies a small
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portion of gigapixel WSIs with high resolutions of abdl@G 000 100, 000 pixels (Zhu et al.,

2017). For this ne-grained visual recognition, although certain multiple-instance learning (MIL)
(Ilse et al.| 2018; Li et &ll, 202L; Yao etlal., 2020) have provided some promising solutions, they do
not enforce constraints to remove redundant information, thus struggling to obtain discriminative
representations. A similar redundancy issue emerges in genomic modality. Resgarch| (Jaume
et al|, 2023} Chen et a/., 2021) indicates that biological pathway-based gene groups, characterized
by known interactions in unique cellular functions, offer more semantic correspondence with
pathology features. However, these pathways can yield hundreds to thousands of groups, and only
a few speci ¢ pathways exhibit a strong correlation with patient prognosis (e.g. immune-related
pathways are signi cant for bladder cancer prognosis prediction (Jiang et al., 2021a)).

Another concern isHow can we capture compact yet comprehensive knowledge from the dominant
overlapping information in multimodal data, referred as “inter-modal redundancy” issugfe
redundancy stemming from this duplicated information can complicate the knowledge extraction.
Therefore, extracting independent factors by disentangling can enhance the feature effectiveness
while discarding super uous information. The knowledge (Liang et al., 2023) can be split into
distinct components: modality-speci ¢ knowledge and modality-common knowledge. The former
contains information unique to a single modality, while the latter encapsulates common information
and exhibits consistency across modalities. To obtain effective knowledge from multimodal
redundancy, existing efforts (Chen et al., 2021; Xu & Chen, 2023) focus on integrating common
information, emphasizing the inherent consistency through alignment. However, common informa-
tion often dominates aligning and integrating multimodal information, leading to the suppression of
modality-speci ¢ information, thereby disregarding the wealth of distinctive perspectives.

In this work, we propose a new multimodal survival prediction framewer&totypicall nformation
Bottlenecking andisentangling (PIBD), consisting of Prototypical Information Bottleneck (PIB)
module for “intra-modal redundancy” and Prototypical Information Disentanglement (PID) module
for “inter-modal redundancy”. First, Information Bottleneck (IB) provides a promising solution to
compress unnecessary redundancy from itself while maximizing discriminative information about
task targets. However, IB may suffer from the high-dimensional computational challenges posed
by massive patches of a gigapixel WSI and hundreds of pathways. Instead, we propose a new IB
variant, PIB, that models prototypes approximating a bunch of instances (e.g., patches of pathology
or pathways of genomics) for different risk levels, which can guide selection of discriminative
instances within a modality. Secondly, PID removes inter-modal redundancy by comprehensively
decomposing entangled multimodal features into ideally independent modality-common and
modality-speci ¢ knowledge. To do this, we reuse the joint prototypical distributions modeled by
aforementioned PIB to guide the extraction of common knowledge. Simultaneously, we enforce the
model to learn knowledge different from the joint prototypical distribution, which is considered as
guidance for capturing modality-speci ¢ knowledge as well.

It is worth noting that the proposed method can be extended into more multimodal problems with
modalities of bag structure. The contributions are as follows: (1) Inspired by information theory for

mitigating redundancy, we propose a new multimodal cancer survival framelRi@B®, addressing

both “intra-modal” and “inter-modal” redundancy challenges. (2) We design a new IB vaPidnt,

that models prototypes for selecting discriminative information to reduce intra-modal redundancy,
while PID addresses inter-modal redundancy by decoupling multimodal data into distinct compo-
nents with the guidance of joint prototypical distribution. (3) Extensive experiments on ve cancer

benchmark datasets demonstrate the superiority of our approach over state-of-the-art methods.

2 RELATED WORKS
2.1 SURVIVAL PREDICTION FROMSINGLE MODALITY

Predicting survival risk is vital for understanding cancer progression. Recent advances in digital
pathology (Evans et al., 2018) and high-throughput sequencing (Christinat & Krek, 2015) technolo-
gies have led to vibrant research in single-modal survival prediction using WSIs and genomics data,
respectively. To handle gigapixel images, multiple-instance learning (MIL) de nes a “bag” as a col-
lection of multiple instances (i.e., image patches) and provides effective ways to learn global repre-
sentations for WSIs. MIL methods focus on aggregations of instance-level predictions (Campanella
et al., 2019; Feng & Zhou, 2017; Hou et al., 2016) or features (llse et al., 2018). For the former,
bag predictions can be simply fused by pooling the probability values of instances. While the latter
employs various strategies for getting the global features, e.g., clustering embeddings (Yao et al.,
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2020), modeling patch correlations with graphs (Guan et al., 2022), assigning attention weights (llse
etal., 2018; Lietal., 2021), and learning long-range interactions by transformers (Shao etal., 2021).
Furthermore, genomics data provides crucial molecular information essential for survival prediction
as well. Typically represented ds 1 measurements, genomic features can be extracted using
simple neural networks, e.g., MLP (Haykin, 1998) and SNN (Klambauer et al., 2017). Although
these single-modality-based methods achieved remarkable improvements in feature extraction, they
do not provide constraints on removing redundant information to capture the discriminative features.

2.2 SURVIVAL PREDICTION FROMMULTIPLE MODALITIES

In clinical practice, patients are usually collected with comprehensive multimodal data such as
genomics (Klambauer et al., 2017), pathology (zZhu et al., 2017; Liu et al., 2022; Chen et al.,
2022a), radiology (Jiang et al., 2021b; Yao et al., 2021), etc. for diagnosis and prognosis, thus
learning multimodal interactions (Zhang et al., 2023) becomes an important motivation for many
studies. These methods are broadly categorized into tensor-based and attention-based fusion tech-
niques (Zhang et al., 2020). Some tensor-based fusions, like concatenation (Mobadersany et al.,
2018) and weighted sum (Huang et al., 2020), are simple with few parameters. Alternatively, other
tensor-based fusion uses bilinear pooling to create a joint representation space by computing the
outer product of features, e.g., Kroncecker product (Wang et al., 2021), factorized bilinear pooling
(Li et al., 2022). However, these methods are typically used in early or late fusion stages, making
the inter-modal interactions (Chen et al., 2022b) prone to be neglected. Recently, attention-based
fusion methods focus on learning cross-modal correlations through co-attention mechanisms (Chen
etal., 2021; Zhou & Chen, 2023). For instance, MCAT (Chen et al., 2021) proposed a gene-guided
co-attention, HMCAT (Li et al., 2023b) designed a radiology-guided co-attention, MOTCat (Xu

& Chen, 2023) introduced the optimal transport (OT) to model the global structure consistency,
and SurvPath (Jaume et al., 2023) utilized the cross-attention to model dense interactions between
pathways and histologic patches. Although some approaches can partially achieve alleviating
redundancy by alignment, they are prone to lose modality-speci ¢ information.

2.3 MULTIMODAL LEARNING WITH INFORMATION THEORY.

Recently, information theory has attracted increasing attention within the multimodal learning com-
munity due to its ability to provide measures for quantifying information (Dai et al., 2023; Liang
et al., 2023; Hjelm et al., 2018). Speci cally, approaches based on the information bottleneck (IB)
principle (Tishby et al., 2000; Alemi et al., 2016) have emerged as effective strategies for com-
pressing raw information while retaining task-relevant knowledge, which has found utility across
multi-view (Federici et al., 2020; Lee & Van der Schaar, 2021) and multi-modal learning (Mai
et al., 2022). Additionally, another kind of method centered on information disentanglement has
been harnessed to extract targeted knowledge (Sanchez et al., 2020; Cheng et al., 2022; Chen et al.,
2023), facilitating the learning of more compact representations. We introduce this direction into
multimodal cancer survival analysis for the rst time, and inspired by information theory for mit-
igating redundancy, we propose a new framework PIBD that provides an information perspective
solution to address the massive redundancy issues in multimodal data.

3 METHOD
3.1 OVERALL FRAMEWORK AND PROBLEM FORMULATION

Given thei-th patient multimodal data including pathology dafﬁ and genomic datmg , We aim

to predict patients' survival outcome by estimating a hazard fundﬂgzr;rd (t) that represents the
risk probability of death at the time poitit Figure 1 displays the overall framework of deiBD.

We start with extracting unimodal representations for pathology and genomics data. Following the
common setting for pathological WSIs and genomic pathways in previous works (Chen et al., 2021;

Jaume et al., 2023), we formulatéi) andx(i) as the “bag” of instances based on multiple instance
learning (MIL) for thei-th patient, denoted as.,’ = fxf]') 2 Rdgj’\"_"1 andx{) = fx{)] 2 Rig/s
respectively, wher®y, is the patch numbers of a WSI aMig is the number of biological pathways

To address “intra-modal redundancy,” we propose Prototypical Information Bottleneck (PIB),

detailed in Section 3.2, to select discriminative instances for each modality. Subsequently, to
reduce “inter-modal redundancy”, we propose Prototypical Information Disentanglement (PID)

explained in Section 3.3. PID decomposes multimodal data into independent modality-common
representatiorC and modality-speci ¢ representations denotedSsand Sy for histological
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Figure 1: Framework of PIBD . Patient data from pathology and genomics are initially structured
into bags. The Prototypical Information Bottleneck (PIB) selects discriminative features to reduce
“intra-modal redundancy”. Subsequently, the Prototypical Information Disentanglement (PID) mod-
ule decouples the speci ¢ and common information to tackle “inter-modal redundancy”.

and genomic modalities, respectively. Finally, the decoupled compact representations will be
concatenated to get the nal multimode featukeswhich are used for survival risk prediction.

Survival prediction estimates the risk probability of an outcome event before a speci ¢ time. How-
ever, the outcome is not always observed, resulting in right-censored data. We dénbdt& 1g

for censorship statug £ 0 means observed deatltss 1 means unknown outcomes), and discrete
survival timet 2 f 1; 2; :::; N g corresponding to a speci c risk band. For a nal multimodal feature

H () obtained from the pathology-genomics paix§, x), t0), ¢V) of thei-th patient, we use
NLL loss (Zadeh & Schmid, 2020) as survival loss %unction for survival prediction, following
previous works (Chen et al., 2021; Xu & Chen, 2023):

R Xo _ _ _ _ _
Leuy (FH®;t0:c g8 ) = Dlog(fligy GHDY+ (@ cMlog(f &y (¢ jHD)) @)
i=1
+(@ cD)log(f )4 (HHD))

hazard
whereNp is the number of samples in the training sé]%)zard (yjHO)) = P(T = tjT . t;H®)

is the hazard function representing the death probability, B (H®) = ~L_ (1

fé;)zard (kjH (7)) is the survival function viewed as survival probability up to time pdintTo

simplify, we assumg represents patient labgls ), resulting in2N; labels.

3.2 PROTOTYPICAL INFORMATION BOTTLENECK

To tackle the “intra-modality redundancy”, we introduce the information bottleneck and propose a
new variant called Prototypical Information Bottleneck (PIB).

Preliminary of Information Bottleneck. The IB introduces a new representation variablthat is
maximally expressive about the targetwhile compressing the original information from the input
X . Thus, the objective function to be maximized is given in (Tishby et al., 2000) as:

R =1(Z,Y) 1(ZX) (2)
wherel (; ) represents the mutual information (MI) that measures the dependence between two
variables. The hyperparameter 0 acts as a Lagrange multiplier, controlling the trade-off where
higher values lead to more compressed representations. However, the computation of Ml is in-
tractable, VIB (Alemi et al., 2016) transformed Eg.(2) into maximizing its approximation of a
variational lower bound. By inverting the objective function of the variational lower bound, it tries
to minimize the loss function (Derivation can be found in Appendix B.2.1.):

1 X . .
Je = Bz oecixol 1090 (nj2)]+ KL [p(zjxn):r(2)] 3)
n=1
whereN denotes the sample sizg(yjz) is a variational approximation of the intractable likelihood
p(yjz), p(zjx) is the posterior distribution over, andr(z) approximates of the prior probability
p(z). In practicer(z) is commonly assumed as a spherical Gaussian (Alemi et al., 2016). And the
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posterior distributionp(zjx) can be variationally approximated as:
p(zjx)  q (zjx) = N(z;fg(x);fg (X)) (4)
wheref g is an MLP encoder that predicts both the meaand covariatnce matrix.

Prototypical Information Bottleneck. IB seems to provide a hopeful solution to reduce intra-
modal redundancy. However, in our task, the modality data organized as a “bag” containing
numerous instances. To learn a compact bag via 1B, one potential solution is to directly employ the
variational approximatioq (zjx) of Eg.(4) in VIB to learn a representation for each instax@x
in the bag. However, the drawbacks of this solution are two-fold. First, itis challenging to derive the
overall distribution of the entire bag(zjx) for a bagx based on such a large number of individual
instance distributions, leading to a high-dimensional computational challenge. That is, the posterior
distributionp(zjx) with respect to high-dimensional of the second term in Eq.(3) is intractable.
Second, since the distribution of each instance is individually learned, it is dif cult to capture bag-
level information for representing a compact bag. Therefore, we prdpragetypicall nformation
Bottleneck (PIB) to directly approximate bag-level distributpgajx) with a parametric distribution
p(2) represented by a group of prototypes, denoted &sfN (2; ; y)g2Nt (including scenarios
with censored and uncensored data). To capture discriminative mformatlon about task target, each
prototype is supposed to represent a conditional probability distribp{@jy) = N (2; ; ) for
its corresponding risk bang Then, instances of a bag are expected to approattvith the same
labely. Hence, the objective of variational approximation in Eq.( 4) should become:

p(zjx) = p(zjx;y)  p(2jy) )
To achieve this objective, we maximize the similarity betwpgt) and spatial distributions of latent
featuresz = fg (x) for a bunch of instances, where an MLP is utilized as a representation encoder
fe () to map the inpuk to latent featureg. As a result, we just need to optimize the parametric
prototypes? andf g ( ) for a bagx, instead of modeling(zjx) for each instance of the bag.

In detall, to align the distribution of latent featuresand parametric prototypes we rst sample

some features from various prototypes via Monte Carlo sampling (to simplify the mathematical
notation, we assume sampling once from each prototype). Then, we attempt to maximize the
similarities between postive prototyp2s (with true label) and the most related instances, while
minimizing these instances with other negative prototypesFor example, given thith patient

data, we have the bag featu® = fe(xV) = fz{)g"_, and the featurea® = f2{) 2N
sampled from prototypes, wheké is the number of instances in a_bm@), 2N is the number of
prototypes. Then, we measure the similarity between each protﬁ&&}md bagz() as:
) L R4

Sim(2(); z)y = o d(2(; z{)y (6)
whered( ) can be any similarity measure and We'use cosine in our experiments. To eliminate
redundant instances unrelated to risk prediction, we select a portion of instances with higher
similarity scores in a bag, while the discarded instances do not contribute to the learning process.
During training, since we have access to the true label, the objective of approxirp&tingy)
with prototypes(2jy) in Eq.(5) can be achieved by gathering these most related instances closer to
positive () prototypes while pushing them away from negativg ones, formulated as:

1 X w0 1
Lpro = — Sim(2;’; +
P = Np . im(2,7;2,7) N, 1
wherez{) = fz](i) 81 j M, ;d(2(); z(')) d(z(') z(') )g represents the retained
instances contamlng task-related dlscnmmatlve information W|th h|gher similarities. The retained
numberM,,; is determined by the hyperparametar , the information retention rate (Irr), which
controls the proportion of redundancy removal achieved by prototypes.

sim(2"),;2")) (7)

To review the objective of IB, we substitute the prototyg@snto the IB objective function in
Eq.(2). After getting the approximatiqu(2jy) for p(zjx;y) or p(zjx) in Eq.( 5), we can conduct a
similar derivation like from Eq.(2) to Eq.(3) (Details can be found in Appendix B.2.2), to obtain the
objective loss function of PIB to be minimized as follows:

KN
- Er sl 1000 ni2)]+ KL [p(2iy,)ir(2)] ®)

where the rsttermis a cros% éntropy loss for learning discriminative features. Since we are dealing
with a survival prediction task with labels containing survival time and censoring status, we use the

Jpig =
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Figure 2: Disentangled Transformer. The self-attention is employed to model the intra-modal
interactions while a token sampled from the joint prototypical distribution is used to guide common
information extraction through cross-attention.

task-loss NLL in Eq.(1) as an alternative for the rst term. Finally, combining the approximation
termL o, We obtain the total loss function for PIB to be minimized as follows:

AR
Lpis = % f Lsurv (z(n)§t(n)§c(n))+ KL [N(2; n; n)ir(2)]g+ L pro ()]
Un=1
whereN (2; n; n) = p(2jyn), , , arethe hyperparameters which control the impact of items.

As a result, the modeled PIB can guide the extraction of discriminative features and the removal of
redundant information for each modality organized as bags.

3.3 PROTOTYPICAL INFORMATION DISENTANGLEMENT

After eliminating redundancy from unimodal sources, we propogeraotypical | nformation
Disentanglement (PID) module to decouple the shared and speci c representations, addressing the

“inter-modal redundancy”. Suppose the instances selected by PIBE]iérend 2 we hope to

decompose entangled multimodal data into ideally independent modality-common f&ifmsd
modality-speci ¢ feature§,(1'), Sé'). To achieve this, we reuse the joint prototypical distributions
modeled by PIB for extracting common knowledge. These common features can be further used
as guidance for learning modality-speci ¢ knowledge by enforcing speci ¢ knowledge independent
from these shared features. Thus, we minimize the mutual information (MI) between common
and speci c factors to preserve modality-speci ¢ information. Consequently, our objective is to
ensure the independence of speci c representations within each modality and also the independence
between common and speci ¢ features. The loss function of PID can be formally expressed as:
Leip = I(S;C)+ 1(Sh; Sy); where S= Cat(Sh; Sg) (10)
where,S denotes all speci ¢ representations obtained by concaten@tatg ) the featuressy ,Sy
from each modality. As Ml is intractable, we introduce an upper bound CLUB (Cheng et al., 2020)
to accomplish MI minimization in Eq.(10) (Details about CLUB can be found in Appendix B.3).

To implement the above loss, we design a disentangled layer called disentangled transformer shown
in Figure 2. This transformer models various interactions within the inputs thereby obtaining the
featuresS,; Sy and C required in Eqg.(10). We initially extract the common information guided

by the joint prototypical distribution, denoted as the joint posterior distribution ( zjXn;Xg),

which is de ned by the product-of-experts (PoE) (Cao & Fleet, 2014), an idea of combining
several distributions (“experts”) by multiplying them. Since we have previously obtained the
positive prototype in PIB, which approximates the distribuipdrjx) of the patient's risk band, the

p = (ZjXn; Xg) can be formulated into:

P(zjXn;Xg) I P(z)P(zjxn)p(zjXg)

where p(zjxn) N (2; {5 1) P(ZiXg) N (2 g5 )

wherep(z) is the prior distribution ang(zjx) approximately equals to the distributions of the
positive prototyped (2; *; ). We assume the prior distributigs{z) is a spherical Gaussian
N (z; o; o), thus it can be shown that the product of Gaussian distributions is also a Gaussian
P(zjxn;Xg) = N(zZ; ¢ o): X X
c=( o'+ DY e= e+ I B (12)
i2f h;gg i2f h;gg

11)
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Hence, we sample from(zjxn;Xg) to obtain a guiding token for shared information extraction.
The modality-common representatiofs are then extracted by the cross-attention within the
disentangled transformer. Moreover, for the modality-speci ¢ information, self-attention encodes
pathway-to-pathway and patch-to-patch interactions, and their mean representation b8gpmes
Sy. Thus, under the constraint of Eq. (10), we can simultaneously extract compact features that
contain both speci c and common information.

Overall Loss. The nal loss of PIBD is as follows, wheref ; andL2,; represent the PIB loss
formulated in Eq.(9) for pathology and genomics modalities, respectively:

L=Leuw +LBg +L3s + Lpp (13)
where is the weight factor that controls the impact of loss item, as well,as in Eq.(9). Note
that the proposed method can be extended to more multimodal data of the bag structure.

Inference. The inference process differs from the training mainly in how we nd the positive proto-
types. During training, with known labels, we can directly obtain the joint prototypical distribution

for PID. However, in inference, we need to identify the positive one from the set of prototypes. To
achieve this, we rst select instances with higher similarity scores calculated with all prototypes in
Eq. (7). These selected instances are considered as relevant instances. Among them, the prototype
with the highest proportion of relevant instances is considered positive. Hyperparameters such as
the number of samples and information retention rate remain consistent with the training process.

4 EXPERIMENT
4,1 DATASET AND IMPLEMENTATION DETAILS

We conduct extensive experiments over ve public cancer datasets from TCEaast Invasive
Carcinoma (BRCA), Bladder Urothelial Carcinoma (BLCA), Colon and Rectum Adenocarcinoma
(COADREAD), Stomach Adenocarcinoma (STAD), and Head and Neck Squamous Cell Carcinoma
(HNSC). We follow the work (Jaume et al., 2023) to collect the biological pathways as genomics
data. 5-fold cross-validation for each dataset is employed. The models are evaluated using the
concordance index (C-index) (Harrell Jr et al., 1996) and its standard deviation (std) to quantify
the performance of correctly ranking the predicted patient risk sores. We also visualize the Kaplan-
Meier (KM) Kaplan & Meier (1958) curves that can show the survival probability of different risk
groups. The details of the dataset and experimental implementation can be fappmkimdix C.1.

4.2 COMPARISONS WITHSTATE-OF-THE-ARTS

We compare our method with three groups of SOTA methods: Uflimodal methods For
pathways data, we adoptLP (Haykin, 1998),SNN (Klambauer et al., 2017), arfNNTrans
(Klambauer et al., 2017; Shao et al., 2021) as the genomic baselines. For histology, we compare
with SOTA MIL methodsABMIL (llse et al., 2018) AMISL (Yao et al., 2020),TransMIL

(Shao et al., 2021) an@LAM (Lu et al., 2021). (2Multimodal methods Four SOTA methods

are compared in this grouforpoise (Chen et al., 2022b)VICAT (Chen et al., 2021)MOTCat

(Xu & Chen, 2023), an&urvPath (Jaume et al., 2023), where we adopt two late-fusion approaches
including concatenation (Cat) and Kronecker product (KP) for both Porpoise and MCAT. Besides,
a prediction-level combination using a CoxPH (Cox, 1972) model of risk scores from the best-
performing methods of genomics and histology is also conductedinf@mation theory-based
methods As our work provides an information theory perspective on multimodal cancer survival
prediction, we also compare it with information theory-based methods in multi-view, multi-modal,
and task-speci ¢ ne-tuning domains, includingLAM-SB-FT (Li et al., 2023a)MIB (Federici

et al., 2020),DeepIlMV (Lee & Van der Schaar, 2021), atdMIB (Mai et al., 2022). Note

that although CLAM-SB-FT is an IB-based method for WSIs, it is designed within a ne-tuning
framework and not be studied in multimodal survival prediction.

Comparison. From the results in Table 1, we can observe that PIBD achieves the best overall
performance across ve cancer datasets. Compared with unimodal mé&thmdst multimodal
method$ including ours show higher overall C-index, indicating that the information from both
modalities gives great perspectives and contributions to survival prediction. Note that among
multimodal methods, the proposed PIBD achieves superior performance in 4 out of 5 benchmarks
and outperforms the second-best method by 1.6% in overall C-index, revealing the importance of
addressing intra-modal and inter-modal redundancy. Then, from the comparison between IB-based

2https://portal.gdc.cancer.gov/
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Table 1: C-index (mean std) over ve cancer datasets. g. and h. refer to genomic modality and
histological modality, respectively. The best results and the second-best results are highlighted in
bold and inunderline. A method marked with the subscialls into the unimodal groug, into

the multimodal group, an@into the information theory-based group.

. BRCA BLCA COADREAD HNSC STAD
Model Modality Overall

(N=869) (N=359) (N=296) (N=392) (N=317)
YMLP g. 0.622 0.079 0.530 0.077 0.712 0.114 0.520 0.064 0.497 0.031 0.576
YSNN g. 0.621 0.073 0.521 0.070 0.711 0.162 0.514 0.076 0.485 0.047 0.570
YSNNTrans g. 0.679 0.053 0.583 0.060 0.739 0.124 0.570 0.035 0.547 0.041 0.622
YABMIL h. 0.672 0.051 0.624 0.059 0.730 0.151 0.624 0.042 0.636 0.043 0.657
YAMISL h. 0.681 0.036 0.627 0.032 0.710 0.091 0.607 0.048 0.553 0.012 0.636
YTransMIL h. 0.663 0.053 0.617 0.045 0.747 0.151 0.619 0.062 0.660 0.072 0.661
YCLAM-SB h. 0.675 0.074 0.643 0.044 0.717 0.172 0.630 0.048 0.616 0.078 0.656
YCLAM-MB h. 0.696 0.098 0.623 0.045 0.721 0.159 0.620 0.034 0.648 0.050 0.662
ZSNNTrans+CLAM-MB |  g.+h. 0.699 0.064 0.625 0.060 0.716 0.160 0.638 0.066 0.629 0.065 0.661
ZPorpoise(Cat) g.+h. 0.668 0.070 0.617 0.056 0.738 0.151 0.614 0.058 0.660 0.106 0.660
ZPorpoise(KP) g.+h. 0.691 0.038 0.619 0.055 0.721 0.157 0.630 0.040 0.661 0.085 0.664
ZMCAT(Cat) g.+h. 0.685 0.109 0.640 0.076 0.724 0.137 0.564 0.840 0.625 0.118 0.647
ZMCAT(KP) g.+h. 0.727 0.027 0.644 0.062 0.709 0.162 0.618 0.093 0.643 0.075 0.668
ZMOTCat g.+h. 0.727 0.027 0.659 0.069 0.742 0.124 0.656 0.041 0.621 0.065 0.681
ZSurvPath g.+h. 0.724 0.094 0.660 0.054 0.758 0.143 0.606 0.080 0.667 0.035 0.683
?CLAM-SB-FT h. 0.606 0.110 0.633 0.065 0.725 0.150 0.620 0.084 0.654 0.051 0.648
’MIB g.+h. 0.602 0.112 0.573 0.036 0.711 0.182 0.555 0.055 0.588 0.057 0.606
?DeeplMV g.+h. 0.659 0.089 0.638 0.054 0.749 0.145 0.604 0.061 0.597 0.047 0.649
’L-MIB g.+h. 0.687 0.071 0.662 0.093 0.720 0.167 0.615 0.085 0.634 0.060 0.664
%ZPIBD g.+h. 0.736 0.072 0.667 0.061 0.768 0.124 0.640 0.039 0.684 0.035 0.699

Figure 3: Kaplan-Meier curves of predicted high-risk (red) and low-risk (green) groups. A P<value
0:05 indicates statistical signi cance, and the shaded regions represent the con dent intervals. The
median survival months are reported in the format of “high-risk: mean(std)/low-risk: mean(std)”

methods, our method achieves superior performance on all cancer datasets, with 0.5%-4.9%
performance gains. PIBD, which fully considers the characteristics of bag structure under weak
supervision and is designed for multimodal cancer survival prediction, demonstrates its superiority.

Kaplan-Meier analysis We further evaluate our method using statistical analysis, and the
Kaplan-Meier curves are presented in Figure 3. Patients are separated into high-risk and low-risk
groups based on predicted risk scores, with the median value of each validation set serving as the
cut-off. Subsequently, we utilize the log-rank test to compute p-values, which assess the statistical
signi cance of differences between these groups, and the median survival months are also reported
for each group. Our approach demonstrates signi cantly improved discrimination between the two
groups when compared to the second-best method, SurvPath. This effect is particularly pronounced
in the BRCA, COADREAD, and HNSC datasets, with substantial margins of magnitude.

4.3 ABLATION STUDY

Component validation. In Table 2, we ablate the designs mentioned in Sections 3.2 and 3.3, which
are proposed for “inter-modal redundancy” and “intra-modal redundancy”. For ablating PIB, we es-
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Table 2: Ablation study assessing C-index (meastd).

Variants [PIB_PID] BRCA BLCA COADREAD HNSC STAD Overall
AP 0.684 0.044 0.619 0.090 0.713 0.161 0.567 0.073 0.609 0.048 0.638
PIB(AP) X 0.705 0.108 0.593 0.038 0.753 0.143 0.623 0.107 0.613 0.071 0.657
TransMIL 0.672 0.088 0.636 0.059 0.750 0.133 0.591 0.080 0.662 0.090 0.662
PIB(TransMIL) | X 0.696 0.069 0.648 0.074 0.757 0.176 0.615 0.062 0.643 0.074 0.672
PIBD X X |0.736 0.072 0.667 0.061 0.768 0.124 0.640 0.039 0.684 0.035 0.699

Table 3: Interventions in PIB. We conduct interven-
tions by either removing the positive prototype or ran-
domly deleting one of the negative prototypes.

Intervention BLCA COADREAD STAD

Positive 0.401 0.086 0.471 0.196 0.384 0.110
Negative 0.645 0.067 0.731 0.106 0.672 0.055

w/o Intervention 0.667 0.061 0.768 0.124 0.684 0.035 Figure 4: Visualization of prototypes_

tablished two baselines: one involves direct average pooling (AP) on original features, and the other
employs a non-disentangled TransMIL encoder as a strong baseline. We incorporate PIB into both
baselines to assess the effectiveness of the prototypical features selected by PIB. As shown inthe rst
four rows of Table 2, the addition of PIB outperforms the baselines in terms of higher C-index. This
suggests that learning multiple distinctive prototypes in PIB and employing them to lter task-related
features can effectively mitigate redundant features within each modality. For ablating PID, we con-
duct a comparison between our PIBD and the baseline using the non-disentangled TransMIL with
PIB. The last two rows demonstrate that disentangling shared and speci ¢ information from multi-
modal data effectively eliminates inter-modal redundancy, preventing the loss of modality-speci ¢
information during the fusion process and signi cantly enhancing the model's performance. More-
over, we conduct more quantitative studies about parameter settings presented in Appendix C.2.

Interpretability of PIB . To validate that the learned prototypes in PIB have modeled discriminative
underlying distributions for different risk bands, we conduct random sampling on each prototype
with a frequency of 2000. Subsequently, we reduce the obtained high-dimensional vectors to a
two-dimensional plane using t-SNE (Van der Maaten & Hinton, 2008). As illustrated in Figure 4,
the distributions exhibit excellent separability. Furthermore, inspired by the intervention in (Sarkar
et al., 2022), we conduct interventions during the inference process shown in Table 3 and the results
demonstrated a signi cant disparity. It can be seen that interventions in positive prototypes led
to a dramatic decrease in the C-Index (all below 0.5), signifying a complete loss of predictive
ability. Intervention in positive prototypes further results in passing a wrong guided signal to the
following disentanglement module PID with an incorrect prototypical distribution as well, leading
to worse performance. Conversely, when randomly removing a negative prototype, there was only
a slight decline in the C-Index, which further underscores the effective modeling of discriminative
risk-level distributions in PIB. Visualization of similarity scores for both modalities are presented
in Appendix D.

5 CONCLUSION

In this work, we explore multimodal cancer survival prediction inspired by information theory and
propose a new framework called PIBD aimed at addressing both “intra-model redundancy” and
“inter-model redundancy” challenges. First, we propose a Prototypical Information Bottleneck
(PIB) that reduces redundancy while preserving task-related information. PIB models prototypes
of various risk bands, allowing us to select discriminative features from massive instances and alle-
viating “intra-model redundancy”. Furthermore, to address “inter-modal redundancy”, we propose
a Prototypical Information Disentanglement (PID) to decouple independent modality-common
and modality-speci ¢ features with the guidance of the joint prototypical distribution. These
compact features offer distinct perspectives and knowledge, effectively enhancing the network's
performance. Moreover, to handle the high-dimensional computational challenges inherent in our
task, the PIB models prototypes approximating a bunch of instances by maximizing the cosine
similarities within true labels. During this approximation, the choice of an appropriate similarity
metric can contribute to better aligning spatial distributions, which warrants further investigation in
future research endeavors.
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A OVERVIEW

In this supplement, we will rst provide detailed formulations of the propoBH#ID in Appendix

B. Then, we provide implementation details, more quantitive studies about parameter settings, and
additional comparisons in Appendix C. Finally, we display the visualization results of similarity
scores for pathology and genomics modalities to further showcase our method's interpretability in
Appendix D.

B DETAILED FORMULATIONS

B.1 BAG FORMULATION

The bag construction process of histology and genomic data are formulated into a weakly supervised
MIL task. Given a WSI, we slice it into non-overledy,, patches and use a pre-trained visual
encoder to extract the features, aiming to get the patch-kenensional embedding of each
instance denoted inmﬁ') = fxﬁ';j) 2 Rdg}\":h1 . For genomic data, the bag formulation process is
similar. Following previous works (Jaume et al., 2023) that tokenize genes into pathways involved

in particular biological processes, we use multiple separated encoders to learn the pathway-level
embeddings. Then a bag of genomic data can be buidt,'és= fxg;} 2 RngMjl , WhereMg is the
total number of pathways.

B.2 DETAILED FORMULATION OF PROTOTYPICAL INFORMATION BOTTLENECK
B.2.1 VARIATIONAL INFORMATION BOTTLENECK (ALEMIET AL., 2016)

The information bottleneck (IB) (Tishby et al., 2000) principle aims to nd a better representation
Z by maximizing the mutual information (MI) between the latent representdtiand labely , and
minimizing the MI between th& and original inpuX . The objective function to be maximized in
IB can be formulated as follows:

Rie = 1(ZY) 1(Z;X) (14)

wherel ('; ) represents the mutual information, ands the Lagrange multiplier. The IB principle

de nes a better representation, in terms of the tradeoff between a concise representation and pre-
dictive power. However, the computation of Ml is intractable, a variational information bottleneck
(VIB) (Alemietal., 2016) is proposed to give a variational approximation solution of Ml estimation,
which allows the use of the deep neural network for ef cient training.

Given the joint distributiop(X; Y; Z) as follo_vvs: . _

POX;Y:Z) = p(Z)X; Y )p(YjX)P(X) = p(ZjX)p(YX)p(X) (15)
where assuming(ZjX;Y ) = p(ZjX), corresponding to the Markov chaih$ X $ Z
Then, the rst part (Z;Y') can be gderieved into:

p(y; z)
: = dyd Yl
1(Z;Y) i ydzp(z;y) ogp(y)p(z)

= dxdydzp(x)p(yjx)p(zjx)log

p(yi2) (16)

p(y)

Sincep(yjz) above is intractable, a decodgryjz) is used to variational approximate tpéyjz).
Using the fact that the Kullback-Lgibler divergence is always positive, we have:

. . , p(yiz)
KL [p(yjz);q (yiz)] =  dyp(yjz)log——
7 q(viz) 5 a7)
= dyp(yjz)logp(yjz) dyp(yjz)logq (yjz) O
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Hence, the lower bound#{Z;Y') is as follows:

1(ZY)=  dxdydzp(x)p(yix)p(zix)log péijj)
Z Z
= dxdydzp(x)p(yjx)p(zjx)logp(yjz) dyp(y)logp(y)
z (18)
= dxdydzp(x)p(yix)p(zix)logp(yiz) + H (Y)
Z

dxdydzp(x)p(yjx)p(zjx)logq (yjz) + H(Y)

whereH (Y) is the entropy of labeY , which is independent of the optimization procedure and can
therefore be ignored.

Similarly, the second paft(Z; % ) can be formulated into its upper bound:

1(Z:X)=  dadxp(x; z)logp(?z’)()
z  er(a
= dxdzp(x)p(zjx)logL
r(z)p(z)
z (2i%) (29)
= dxdzp(x)p(zjx)log pr (‘Z 7 KLI@ir@)]
z
. P(zjx)
dxdzp(x)p(zjx)log (@
wherep(zjx) is the postergpr distribution overandr (z) is a variational approximation qf(z), as
the computation op(z) =  dxp(zjx)p(x) might be dif cult. To sum up, the IB objective function
can be seen tgzminimize: Z (2ix)
. . . ) ZjXx
Jie = dadydzpOOR(yOR(ZIlogy (viz)+  dxdzp(p(zinlog” S
LN _ _ (20)
= W Ez p(zjxn)[ |09q (ynlz)]+ KL [p(ijn);r(Z)]

n=1

whereN denotes the number of sampleéz) can be assumed as a spherical Gaussian described in
Alemi et al. (2016) in practice. And the posterior distributja(zjx) is variationally approximated
by an encoder:

P(zjix) g (zjx) = N(z;f(X);fe (X)) (21)
wheref g is an MLP that predicts both the mearand covariance matrix.

B.2.2 PROTOTYPICAL INFORMATION BOTTLENECK

As mentioned in Section 3.2, we propose an IB variant called Prototypical Information Bottleneck
(P1B), which models the prototypes approximating a bunch of instances for different risk bands.

In our task, given that the inputis a “bag” structure containing numerous instances, the posterior
distributionp(zjx) is intractable. Therefore, we choose to approxinpigx) with a latent space
distributionp(2) represented by a group of prototydes= fN (2; ; y)giﬂl‘ , Where each proto-
type represents a conditional probability distributigatjy) = N (2, ; ) underthe labey. As a
result, we just need to optimize the parametric prototypasdf £ () for a bagx, instead of directly

employing the modeling variational approximatign(zjx) of Eq.(21) in VIB to learn a compact
representation for each instance of a bag.

Thus we get the loss function for the approximation:
1 X 00 1 e
Lpro = m Sim(2;7;2,’) + W

1
i=1 n=1

sim(2y;2",) (22)

Afterward, we substitute the prototypes into the IB objective function in Eqg.(2) and examine each
item in turn. First, in our settings, since we aim to approximatgx) = p(zjx;y) p(2jy)
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by introducing the variabl@, we actually add a new chavi $ 2 to the original Markov chain
Y $ X $ Z. Then, the objective function to be maximized of PIB can be formulated into:

Reig = 1(Z;Y) 1(Z;X) (23)
whereZ is enforced to approach Z.
For the rstiteml (Z;Y), we got thejformulation based on Eq.(18):
1(2:Y)=  dydep(z; y)logPWD)
7 p(y) (24)
dyd2p(2;y)logq (yj2) + H(Y)
In our setting, hencp(2) doesn't directly depend ox. In this casep(2;y) can be formulated into:
p(2;y) = p(2jy)p(y) (25)
SO we can bond the rst term into:

L
2N’

1(Z;Y) dyd2p(2;y)logq (yj2)
Z

= dydzp(y)p(2jy)logq (yj2) (26)

1 R

TN Ez peiys)[1090 (Ynj2)]

and that we will takep(y) =

Then for the second itei(Z; X ), we approximat@(zjx) with the latent space distribution repre-
sented by IB-based prototypes: ~

AR

p2)=  dyp(y)p(2ly) = % D(2iyn) (27)
1

Hence, we can directly replapézjx) with p(2) in to the second item of Eq.(20), expressed as:

. .
1(Z;X) dxdzp(X)p(ZiX)'og%
: .
= dxdyd2?p(x)p(y) p(iiy)'ogw
z z .
= dyp(y)logp(y)+  dyd2p(y)p(2jy)log pf (Zg) (28)

1 R .
H(Y)+ ZTItn:l KL [p(2jyn);r(2)]

PAR:

> KL [p(2jyn);r(2)]

n=1

So we obtain the objective loss function of PIB to be minimized as follows:

1 X

2N, Ez peiy.)[1099 (Yaj2)] + KL [p(2jyn);r(2)] (29)

Jpig =
=1

where the rstterm is the task loss to learn discriminative features, we use the negative log-likelihood
(NLL) loss in Eq.(1) as an alternative for the rst term. Finally, after combining the approximation
termL o , we obtain the total loss function for PIB as follows:

1 X

NG f Lo 2™ty + KL [N(2; n; n)ir(@]9+ Lpro (30)
n

=1

Lpig =
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whereN (2; n: n) = p(2jyn), ., , arethe hyperparameters which control the impact of items.

B.3 DETAILED FORMULATION OF PROTOTYPICAL INFORMATION DISENTANGLEMENT

Since in EQ.(10), the computation of mutual information (MI) is intractable, we introduce an upper
bound called contrastive log-ratio upper bound (CLUB) (Cheng et al., 2020) as an Ml estimator to
accomplish MI minimization, which can be used in more general scenarios. Given two vadables
andb, thelc yg (a;b) is calculated as follows:

lcrus (a;b) = Epapyllogn(ba)]l  Epa)Epr[logp(bia)]
LY ogrnia) =7 ogja)
= = logpbja) — ogp(h jai
N N i=1 j=1 (31)
1 XX . .
Nz [logp(hjai) logp(h jai)]

i=1 j=1

wherelogp(hja) denotes the conditional log-likelihood of positive sample f&ira;) while
logp(b ja&) is the conditional log-likelihood of negative sample pair.

However, in our work, both the modality-speci ¢ featur8s and Sy, as well as the modality-
common feature€, are simultaneously generated by disentangled transformer, the conditional
distribution p(bja) in Eq.(31) is unknown. We employ an ML® (ja) to provide a variational
approximation op(kja), thus the variational CLUB (vCLUB), a CLUB variant, is de ned:

lverue (8;0) = Epaplloga (Ba)]  Epa)Epm[loga (ba)]

1 X . 1 XX .
N loga(bja) 1 logq (b jai)
i=1 i=1 j=1 (32)

R _ .
NZ [logqg (hja) logq (bja)]

i=1 j=1

The variational approximatiog (bja) can be optimized by maximizing the log-likelihood:

1 X .
L estimator (D; 8 = N logq (bja;) (33)
i=1

vCLUB still holds an upper bound on MI when the variational approximatjdija) is reliable.
Therefore, to train a good estimator for the conditional distributidye) is critical. In this context,

we choose to predict a lower dimensional distribution conditioned on a higher dimensional distribu-
tion (Han et al., 2021) to avoid mode collapse. Following this, our work predigtggs) instead

of g (sjc) for estimating mutual information in Eq. (10) whesds modality-speci ¢ distribution
integrating two modalities with higher dimension, whdeés modality-common distribution with
lower dimension. In conclusion, the proposed disentangle loss in Eq.(10) can be further de ned as:

Leio = lvcrue (S;C) + lycLus (Sh;sg)+ L estimator (S;C) + Lestimator (Sh;sg) (34)
whereS = Cat(Sp; Sy).
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C MORE EXPERIMENTS

C.1 IMPLEMENTATION DETAILS

Dataset. We conduct extensive experiments over five public cancer datasets from TCGA?: Breast
Invasive Carcinoma (BRCA), Bladder Urothelial Carcinoma (BLCA), Colon and Rectum Adeno-
carcinoma (COADREAD), Stomach Adenocarcinoma (STAD), and Head and Neck Squamous Cell
Carcinoma (HNSC). We follow the work (Jaume et al., 2023) to predict disease-specific survival
(DSS), which is a more accurate representation of the patient’s disease status than overall survival.
For histological data, we collect all diagnosis WSIs used for primary diagnosis. For genomic data,
we get the raw transcriptomics from the Xena* database along with DSS labels. The human biologi-
cal pathways (Qu et al., 2021), represented as transcriptomics sets with specific interactions among
molecules in cells, are collected from two resources by selecting where at least 90% of transcrip-
tomic accessible: the Human Molecular Signatures Database (MSigDB) - Hallmarks (Subramanian
et al., 2005; Liberzon et al., 2015) (50 pathways from 4,241 genes) and the Reactome (Gillespie
et al., 2022) (281 pathways from 1577 genes).

Evalution. We employ 5-fold cross-validation for each dataset. The models are evaluated using the
concordance index (C-index) (Harrell Jr et al., 1996) and its standard deviation (std) to quantify
the performance of correctly ranking the predicted patient risk sores. We also visualize the Kaplan-
Meier (KM) Kaplan & Meier (1958) curves that can show the survival probability of different risk
groups. The log-rank statistical significance test Mantel et al. (1966) is performed to determine if
the separation between these groups is statistically significant.

Bag constraction. We first segment the tissue from the images and extract non-overlapping 224 x
224 patches at the 20 x magnification. Then a Swin Transformer (CTransPath) (Wang et al., 2022),
which is pre-trained on more than 14 million pan-cancer histopathology patches via self-supervised
contrastive learning, is used as the feature extractor to get 768-dimensional embeddings. Meanwhile,
the feature extractors of pathways are SNNs following the settings in works (Jaume et al., 2023; Xu
& Chen, 2023; Chen et al., 2021).

Implementation. The proposed algorithm is implemented in Python with Pytorch library and runs
on a PC equipped with an NVIDIA A100 GPU. For the survival prediction task, we divide the overall
survival time into four intervals, resulting in eight different risk bands when considering censorship
status. Therefore, we set the number of prototypes in PIB to 8. We use an MLP with a 512-d hidden
layer as the latent vector encoder fg () to embed the bag features into a fixed dimension of 256. The
hyper-parameters , , ,and aresetto0.1,0.01, I, and 0.1 respectively. We take the top 50% and
80% of the samples with the highest similarity to prototype as the retained features for histological
data and genomics data, respectively, to remove redundancy within the modalities. To increase the
variability during training, 4096 patches are randomly sampled from the WSI. We follow the idea
in (Xu & Chen, 2023) and split the WSI bag into sub-bags, each bag has 512 instances. We use
Adam (Kingma & Ba, 2014) as the optimizer with the learning rate of 5 x 10~%. All the networks
including compared methods are trained for 30 epochs and the batch size is set to 32. We report the
5-fold averaged C-index on validation sets.

C.2 MORE QUANTITIVE STUDIES

In this part, we reveal more experimental results about the parameter settings on three cancer
datasets, shown in Figure 5. We adopt a careful approach to address the potential risk of selection
bias in hyperparameter choices. To begin with, we defined the hyperparameter search space based
on the commonly used ranges in information bottleneck methods like VIB (Alemi et al., 2016) and
MIB (Federici et al., [2020). During the selection, we implement a grid search strategy. For each
hyperparameter, while keeping others fixed, we conducted a five-fold cross-validation, selecting the
hyperparameters that exhibited the best average performance across all validation sets. Furthermore,
to further mitigate selection bias, these hyperparameters were selected on multiple datasets.

Settings of Weight Factor for Loss Function. We conduct quantitive studies about the weight
factor of loss items in Eq.(I3), shown in Figure 5] (a)-(d). Among these parameters, , , are

*https://portal.gdc.cancer.gov/
*nttps://xenabrowser.net/datapages/
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Figure 5: The effect of different parameter settings. We conduct a quantitative study on the weight
factors of loss items (a)-(d) and the information retention rate of PIB (e)-(f).

for Lpg, and is for Lp|p. In Lp |, a higher implies that more label-related information
is retained, a higher indicates more information is compressed original inputs, and a higher
means larger constraint on the approximation of the prototypes distributions. It can be seen that
as these parameters increase, Lp | p effectively removes redundant information by modeling better
prototypes for various risk bands, thus enhancing the model’s performance. However, when these
parameters are further increased, excessive information compression within modalities may discard
useful knowledge. Especially, when becomes larger, the over-separability of the prototypes may
reduce the generalization ability for samples deviating from the prototype’s central. Then in Lpp,
the increase in  exhibits different trends across datasets. This variation could be attributed to differ-
ences in multimodal redundancy levels, which in turn affects the optimal weighting for information
disentanglement. In the end, we setthe , , ,and to 0.1, 0.01, 1, and 0.1, respectively with
better performance.

Settings of Redundancy Removal in PIB. Irr controls the proportion of redundancy removal
of uni-modalities by prototypes in PIB. A lower Irr indicates that more irrelevant instances are
dropped by prototypes. We can see from Figure 5] (e)-(f), when I rr gradually decreases from 100%
(i.e., retaining all instances), the model’s performance improves, suggesting that removing intra-
modal redundancy can effectively extract discriminative information. On the contrary, when I rr is
set too low, the model’s performance deteriorates, which could indicate that task-related instances
are also being discarded, resulting in the loss of valuable information. For histological data, we
achieve comparable performance using only approximately 25% to 40% of the instances compared
to utilizing the entire bag, resulting in a reduction in data usage of approximately 60% to 75%.
Similarly, for genomic data, performance remains equivalent when utilizing approximately 55% to
70% of the dataset compared to employing all the pathways. In the end, here we set the value of I rr
for the pathology and genomics modalities to 50% and 80%, respectively. This allows PIB to remove
redundancy while retaining effective instances, ultimately improving the model’s performance.

Settings of Sampling. In our work, we adopt the commonly used Monte Carlo sampling method
following the information bottleneck-based approaches (Alemi et al., 2016} Federici et al., 2020;
Lee & Van der Schaar, 2021), leveraging the reparameterization trick and randomly sampling from
a standard Gaussian distribution. Moreover, the choice of the number of samples affects the models’
performances. Therefore, we gradually increase the number of samples from a small to a larger
number, as illustrated in the table below. The experiments demonstrate that as the number increases,
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