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Abstract—Multimodal survival prediction can improve prog-
nosis by jointly modeling whole slide images (WSIs) and genomic
profiles, yet practical models are brittle under multimodal
heterogeneity. In particular, when training is constrained to
extremely small batches (often required by WSI processing),
modality-specific noise and distribution mismatch are amplified
in the fused interaction space, making optimization unstable
and prone to redundant correlations. We propose Discrete Self-
Distillation Information Bottleneck (DSIB), a training-only algo-
rithm that directly regularizes the fusion representation without
modifying backbone architectures. DSIB inserts a stochastic
binary bottleneck to explicitly control the information capacity
of fused features, and injects hidden-space perturbations to
expose heterogeneity-induced failure modes. Crucially, DSIB per-
forms distributional self-distillation by minimizing the Jensen–
Shannon divergence between the factorized Bernoulli posteriors
of perturbed and unperturbed pathways, stabilizing learning
under small-batch noise. We provide a theoretical connection
showing that DSIB optimizes a tractable bound of the discrete
information bottleneck objective. Experiments on three TCGA
cohorts (BLCA, UCEC, LUAD) across multiple state-of-the-
art multimodal survival predictors demonstrate consistent C-
index gains and improved robustness under controlled noise and
redundancy, with zero inference overhead.

Index Terms—multimodal learning, survival prediction, infor-
mation bottleneck, self-distillation, robustness

I. INTRODUCTION

Cancer survival prediction plays a pivotal role in precision
oncology by enabling personalized treatment planning and risk
stratification [1]. The rapid digitization of clinical diagnostics
has led to the widespread availability of heterogeneous health-
care multimedia, particularly Whole Slide Images (WSIs) that
capture spatial tissue morphology and genomic profiles that
reflect high-dimensional molecular alterations [2]. Learning
from such complementary modalities has the potential to
improve prognostic modeling compared with unimodal ap-
proaches [3], [4].

However, multimodal survival prediction models (MSPMs)
remain challenging due to multimodal heterogeneity, i.e.,
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Fig. 1. Motivation and positioning of DSIB. Existing MSPMs often rely on (i)
increasingly complex fusion architectures, and (ii) input-space perturbations
to improve robustness. DSIB instead perturbs the fused hidden representation
during training and enforces posterior-level consistency via discrete self-
distillation, while keeping inference unchanged.

modality-dependent noise, missingness, and distribution mis-
match [5]. WSIs are prone to stain variations, background
regions, and scanning artifacts, whereas genomic measure-
ments often contain missing values and sequencing noise [6],
[7]. Direct fusion can propagate these imperfections into the
latent interaction space, causing one modality to dominate and
suppress informative cues from the other [8], [9].

Moreover, the high computational and memory cost of WSI
feature extraction, together with limited cohort size, often
forces MSPMs to operate in a small-batch regime (frequently
batch size 1, sometimes with gradient accumulation). In this
setting, unreliable batch statistics and high-dimensional con-
tinuous fusion representations can become overly sensitive
to noise and can overfit modality-specific artifacts, leading
to unstable optimization and poor robustness. We refer to
this phenomenon as heterogeneity-induced noise amplification,
which severely undermines robust healthcare multimedia anal-
ysis.



Existing robustness strategies for MSPMs commonly focus
on either enhancing fusion architectures (e.g., cross-modal
attention) [10] or applying input-space perturbations [8]. While
effective in some regimes, these approaches may not explicitly
regularize the fused latent interaction space where cross-
modal noise and redundancy interact, and they can increase
training complexity or inference overhead in practice [1]. The
added architectural complexity and the reliance on large-batch
training usually incur substantial computational cost during
training and often introduce extra overhead at inference time
[11]–[13], which hinders deployment in real-world clinical
settings that demand lightweight and stable systems [1].

To address these limitations, we propose Discrete Self-
Distillation Information Bottleneck (DSIB), a plug-and-
play framework for robust multimodal survival prediction,
as illustrated in Fig. 1. DSIB perturbs the fused hidden
representation during training to explicitly regularize the latent
interaction space, thereby mitigating heterogeneity-induced
noise amplification. Unlike prior self-distillation schemes that
match continuous features, DSIB performs distributional self-
distillation by enforcing Jensen–Shannon (JS) consistency
between the discrete bottleneck posteriors of perturbed and
unperturbed pathways. In parallel, DSIB introduces a discrete
information bottleneck that compresses the fusion repre-
sentation into compact binary codes, suppressing redundant
information propagation and improving stability under small-
batch training. Importantly, DSIB is training-only: the aux-
iliary pathway and consistency objective are removed after
training, resulting in zero inference overhead. DSIB can be
seamlessly integrated into diverse MSPM backbones without
structural modification. We conduct extensive experiments on
three representative TCGA cancer cohorts (BLCA, UCEC,
and LUAD), demonstrating that DSIB consistently improves
both robustness and prognostic accuracy over state-of-the-art
multimodal survival prediction models.

II. PRELIMINARY

Multimodal Survival Prediction Model (MSPM). We
study multimodal survival prediction with two typical inputs,
i.e., Whole Slide Images (WSIs) and genomic data. Given N
patients, the dataset is D = {(P,G)}Ni=1, where P ∈ Rnp×d
denotes WSI patch features and G ∈ Rng×d denotes genomic
features. Following prior practice, genomic features are orga-
nized into six genomic sequences: 1) Tumor Suppression, 2)
Oncogenesis, 3) Protein Kinases, 4) Cellular Differentiation,
5) Transcription, and 6) Cytokines and Growth.

The model estimates a discrete-time hazard function h(t) =
h(T = t|T > t, (P,G)) ∈ [0, 1], and the survival probability
is computed as: s(t|(P,G)) =

∏t
u=1(1− h(u)).

The MSPM proceeds in a fusion–embedding pipeline:

H = fθ1 [Fusion(P,G)], Z = fθ2(H). (1)

The learning objective is:

LMsp ≡ LMsp(fθ3(Z), S). (2)

The Bounds in the VIB. The variational information bottle-
neck (VIB) [14] constrains the hidden representation H via a
neural model parameterized by θ, with the goal of improving
robustness. Concretely, VIB maximizes the following trade-
off:

I(H,Y ; θ)− βI(H,X; θ), (3)

where β is a fixed coefficient and I(·, ·) denotes mutual
information. The term I(H,Y ; θ) encourages H to preserve
predictive information about Y , whereas I(H,X; θ) penalizes
excessive dependence of H on the input X . By retaining
task-relevant factors while discarding nuisance variations, H
becomes less sensitive to noise; meanwhile, stronger compres-
sion also reduces redundant information inherited from X .

A standard lower bound for I(H,Y ) in Eq. (3) is

I(H,Y ) ≥
∫
dXdY dHp(X)p(Y |X)p(H|X) log p(Y |H),

(4)

and an upper bound for I(H,X) is given by

I(H,X) ≤
∫
dHdXp(X)p(H|X) log

p(H|X)

r(H)
, (5)

where r(H) denotes a prescribed prior distribution.

III. METHOD

A. Discrete Self-Distillation Information Bottleneck (DSIB)

In multimodal survival prediction, training is often con-
strained to small batches. WSI feature extraction is computa-
tionally expensive, and cohort sizes are limited. In this regime,
common robustness strategies can be unreliable and may add
extra complexity. DSIB operates on the fusion representation
instead. It perturbs the fused hidden state and enforces distri-
butional consistency through self-distillation. DSIB also intro-
duces a discrete information bottleneck to suppress redundant
information, which helps when batch statistics are noisy.

Discrete bottleneck on fused representations. Let H
denote the fused hidden representation produced by the MSPM
fusion module. DSIB inserts a stochastic binary bottleneck
B ∈ {0, 1}K between the fusion representation and the
survival head. We parameterize an independent Bernoulli
posterior using a bottleneck network gθ2 :

p = pθ2(B=1|H) = σ(gθ2(H)) ∈ (0, 1)K , (6)

and obtain B using a straight-through estimator or a binary-
concrete relaxation during training. During inference, we only
use the original pathway and thus DSIB introduces no extra
cost.

Hidden-space perturbation as robustness stress test. To
explicitly train invariance at the fusion level, DSIB perturbs
the fused representation:

Hδ = H + δH, (7)

where δH can be instantiated as either (i) fixed Gaussian noise
(DSIBα) or (ii) adaptive noise (DSIBβ):

δH ∼ N (0, σ2I) (DSIBα), (8)



δH = φ · ε, ε ∼ N (0, I) (DSIBβ), (9)

where φ ∈ Rd is a learnable scale predicted from H (e.g.,
φ = Netφ(H)). The perturbed posterior is then

pδ = pθ2(B=1|Hδ) = σ(gθ2(Hδ)). (10)

Posterior self-distillation. Rather than matching logits
or predictions, DSIB distills bottleneck posteriors. We en-
force distributional consistency between pδ and p using
Jensen–Shannon divergence (computed between the factorized
Bernoulli distributions induced by p and pδ):

LDSIB
Dist (pδ, p) ≡ γd · JS(pδ||p), (11)

where γd controls the strength of invariance. This distillation
pathway is only used during training.

Discrete information bottleneck regularization. To ex-
plicitly control the information capacity of the binary code,
we regularize the Bernoulli posterior towards a factorized
Bernoulli prior r(B) =

∏K
k=1 Bernoulli(πk):

LDSIB
Reg (p) ≡ γr·KL

(
K∏
k=1

Bernoulli(pk)
∥∥∥ K∏

k=1

Bernoulli(πk)

)
,

(12)
where πk can be set to 0.5 or tuned as a prior.

Overall objective. DSIB augments a standard MSPM
(Eqs. (1)–(2)) with additional losses:

LDSIB = LDSIB
Msp (fθ3(Bδ), S)︸ ︷︷ ︸

Survival prediction

+LDSIB
Dist (pδ, p)︸ ︷︷ ︸

Self-Distillation

+ LDSIB
Reg (p)︸ ︷︷ ︸

Regularization Term

,

(13)

where the prediction term is

LDSIB
Msp ≡ γ0 · L(fθ3(Bδ), S), (14)

γ0, γd, γr are weighting hyperparameters, and L(·) is a general
survival prediction loss. In summary, DSIB couples (i) fusion-
level perturbation, (ii) posterior consistency self-distillation,
and (iii) an explicit discrete information bottleneck into a
single training recipe, improving robustness while keeping
inference unchanged.

B. Theoretical Insight of DSIB

We provide theoretical evidence that DSIB optimizes a
tractable discrete information bottleneck objective. Let X
denote the multimodal input and Y the survival target. DSIB
introduces a stochastic binary bottleneck B ∈ {0, 1}K with
posterior pθ(B|X) induced by Eq. (6) via the fused rep-
resentation H = h(X), and a factorized Bernoulli prior
r(B) =

∏K
k=1 Bernoulli(πk) as in Eq. (12).

Theorem 1. Minimizing the regularization term LDSIB
Reg is

equivalent to minimizing the KL-divergence between the
posterior pθ(B|X) and the prior r(B) (up to the scalar
weight γr).

Proof. Since both posterior and prior are factorized Bernoulli
distributions,

pθ(B|X) =

K∏
k=1

Bernoulli(Bk; pk(X)),

r(B) =

K∏
k=1

Bernoulli(Bk;πk),

(15)

their KL divergence decomposes across dimensions:

KL(pθ(B|X)‖r(B)) =

K∑
k=1

KL
(
Bern(pk) ‖Bern(πk)

)
=

K∑
k=1

[
pk log

pk
πk

+ (1− pk) log
1− pk
1− πk

]
,

(16)
which matches Eq. (12) up to the multiplicative weight γr.

Theorem 2. Minimizing LDSIB optimizes a tractable
bound of the discrete information bottleneck objective:

max
θ

Iθ(B;Y )− βIθ(B;X), (17)

where B ∼ pθ(B|X) and β > 0.

Proof. The information bottleneck principle minimizes

LIB(θ) = −Iθ(B;Y ) + βIθ(B;X). (18)

(i) Variational upper bound for Iθ(B;X). By definition,

Iθ(B;X) = Ep(x)[KL(pθ(B|x) ‖ pθ(B))] , (19)

where pθ(B) is the aggregated posterior. Introducing a varia-
tional prior r(B) and using KL(pθ(B)‖r(B)) ≥ 0 yields the
standard bound

Iθ(B;X) ≤ Ep(x)[KL(pθ(B|x) ‖ r(B))] . (20)

By Theorem 1, the right-hand side corresponds to the DSIB
regularizer LDSIB

Reg .
(ii) Variational lower bound for Iθ(B;Y ). Simi-

larly, introduce a variational decoder qψ(y|b) and apply
KL(pθ(Y |B)‖qψ(Y |B)) ≥ 0, obtaining

Iθ(B;Y ) ≥ H(Y ) + Epθ(b,y)[log qψ(y|b)]. (21)

Dropping the constant H(Y ), maximizing Iθ(B;Y ) is lower-
bounded by maximizing E[log qψ(y|b)], which corresponds
to minimizing a negative log-likelihood surrogate. In DSIB,
the survival head fθ3 together with the survival loss L(·)
implements this term.

(iii) Connection to DSIB. Combining Eqs. (20)–(21) gives
a tractable surrogate of LIB :

LIB(θ) . −E[log qψ(Y |B)]+β Ep(x)[KL(pθ(B|x) ‖ r(B))] ,
(22)

which aligns with LDSIB
Msp +LDSIB

Reg up to constants and weighting.
Finally, DSIB adds LDSIB

Dist (Eq. (11)) to explicitly enforce
posterior invariance under hidden perturbations H 7→ Hδ ,
strengthening robustness during training while keeping infer-
ence unchanged.



IV. EXPERIMENTS

A. Experimental Settings

To assess the effectiveness of our approach, we conducted
experiments on The Cancer Genome Atlas (TCGA) reposi-
tory1. TCGA is a publicly accessible cancer resource, from
which we selected three high-volume cohorts that provide
paired diagnostic whole-slide images (WSIs) and matched
genomic profiles, together with annotated survival time and
censoring indicators. Specifically, our evaluation includes 373
cases of Bladder Urothelial Carcinoma (BLCA), 480 cases
of Uterine Corpus Endometrial Carcinoma (UCEC), and 453
cases of Lung Adenocarcinoma (LUAD). For each cohort,
we performed 5-fold cross-validation and report the cross-
validated concordance index (C-index) as the primary metric.

All models were optimized using Adam with a learning rate
of 2× 10−4 and a weight decay of 1× 10−5. Due to variable
bag cardinalities across patients, we set the mini-batch size
to 1 and used gradient accumulation for stable optimization.
In particular, we accumulated gradients over 32 iterations,
yielding an effective batch size of 32.

B. Overall Performance

Observation #1: DSIB consistently enhances perfor-
mance across various MSPMs. We integrated DSIB into
five representative multimodal survival frameworks, including
the state-of-the-art MoME [21], evaluating them on three
TCGA datasets (BLCA, UCEC, and LUAD). As summarized
in Table I, both the constant (DSIBα) and adaptive (DSIBβ)
variants yield consistent C-index gains over their respective
baselines, validating DSIB as a robust plug-and-play enhance-
ment for the latent space. Notably, MoME combined with
DSIBβ achieves the highest performance across all cohorts,
peaking at a C-index of 0.704, 0.724, and 0.710, respectively.
These improvements suggest that by introducing hidden-layer
perturbations and self-distillation, DSIB effectively filters re-
dundant features and suppresses inherent cross-modal noise
without requiring structural modifications to the backbone
models.

Observation #2: Adaptive noise modeling (DSIBβ) pro-
vides superior gains than constant noise (DSIBα). The
“Avg. improv.” metrics in Table I highlight the clear advantage
of the adaptive strategy; DSIBα provides an average boost of
approximately 1.19% to 1.22%, whereas DSIBβ significantly
doubles this impact with average improvements ranging from
2.40% to 2.57%. This disparity demonstrates that learning
the perturbation scale φ is more effective than using a fixed
variance. By tailoring noise intensity to the heterogeneity of
individual samples, DSIBβ avoids the risk of over-regularizing
informative features while imposing stricter constraints on
noisy representations, thereby fostering better generalization.

Observation #3: Latent-space refinement is essential
for effective multimodal fusion. While multimodal methods
generally surpass unimodal baselines (e.g., SNN or AttnMIL),
confirming the benefits of integrating pathology and genomic

1https://gdc.cancer.gov

TABLE I
PERFORMANCE OF MSPMS WITH AND WITHOUT DSIB ON BLCA,
UCEC, AND LUAD. DSIBα AND DSIBβ DENOTE CONSTANT AND
ADAPTIVE NOISE, RESPECTIVELY. “IMPROV.” AND “AVG. IMPROV.”

INDICATE RELATIVE AND AVERAGE IMPROVEMENTS OVER THE BASELINE.

Models Modality C-index

G P BLCA UCEC LUAD

SNN ( [15]) X 0.618 0.679 0.611
SNNTrans [15] X 0.659 0.656 0.638

AttnMIL ( [16]) X 0.599 0.658 0.620
CLAM-SB ( [17]) X 0.559 0.644 0.594
CLAM-MB ( [17]) X 0.565 0.609 0.582
TransMIL ( [18]) X 0.575 0.655 0.642
DTFD-MIL ( [19]) X 0.546 0.656 0.585

MCAT ( [10]) X X 0.672 0.649 0.659
MCAT + DSIBα 0.680 0.657 0.667
Improv. +1.19% +1.23% +1.21%
MCAT + DSIBβ 0.687 0.664 0.675
Improv. +2.23% +2.31% +2.43%

Porpoise ( [3]) X X 0.636 0.692 0.647
Porpoise + DSIBα 0.643 0.699 0.654
Improv. +1.10% +1.01% +1.08%
Porpoise + DSIBβ 0.652 0.707 0.663
Improv. +2.52% +2.17% +2.47%

MOTCAT ( [12]) X X 0.682 0.671 0.673
MOTCAT + DSIBα 0.690 0.679 0.682
Improv. +1.17% +1.19% +1.34%
MOTCAT + DSIBβ 0.698 0.687 0.691
Improv. +2.35% +2.38% +2.67%

CMTA ( [20]) X X 0.672 0.691 0.676
CMTA + DSIBα 0.681 0.700 0.685
Improv. +1.34% +1.30% +1.33%
CMTA + DSIBβ 0.688 0.709 0.693
Improv. +2.38% +2.60% +2.51%

MoME ( [21]) X X 0.686 0.706 0.691
MoME + DSIBα 0.694 0.714 0.699
Improv. +1.17% +1.13% +1.16%
MoME + DSIBβ 0.704 0.724 0.710
Improv. +2.62% +2.55% +2.75%

Avg. improv. (DSIBα) - - +1.19% +1.17% +1.22%
Avg. improv. (DSIBβ ) - - +2.42% +2.40% +2.57%

data, they are still limited by cross-modal redundancy. The
integration of DSIB enables these models to achieve superior
performance; for instance, MoME+DSIBβ attains a mean C-
index exceeding 0.712 across datasets. These results indicate
that explicitly addressing noise and redundancy within the
latent fusion space is critical for fully leveraging the com-
plementary information from multi-source biomedical data in
survival prediction.

C. Analysis

To gain a deeper understanding of DSIB’s internal mecha-
nisms and its broader applicability in survival analysis, our
analysis focuses on the following four research questions
(RQs):

• RQ1: Does DSIB effectively mitigate the inherent noise
and redundancy prevalent in heterogeneous clinical data?

• RQ2: Is DSIB compatible with other robust training
methods?



TABLE II
C-INDEX OF MCAT UNDER DIFFERENT GAUSSIAN NOISE INTENSITIES ON

LUAD. “DECR.” DENOTES THE RELATIVE DECREASE FROM THE
ORIGINAL (ORI.) PERFORMANCE AFTER NOISE INJECTION.

Models Intensity Ori. Noise Decr.↓

MCAT [10]
0.01

0.659 0.638 3.19%
MCAT+DSIBα 0.667 0.652 2.25%
MCAT+DSIBβ 0.675 0.661 2.07%

MCAT
0.05

0.659 0.598 9.26%
MCAT+DSIBα 0.667 0.621 6.90%
MCAT+DSIBβ 0.675 0.637 5.63%

TABLE III
C-INDEX OF MCAT ON LUAD UNDER GENOMIC AND PATHOLOGICAL

REDUNDANCY (RED.). “DECR.” DENOTES THE RELATIVE PERFORMANCE
DROP FROM THE ORIGINAL (ORI.) MODEL. RESULTS ARE REPORTED FOR

G+P, P-ONLY, AND G-ONLY SETTINGS.

Models Type Ori. w/ Red. Decr.↓

MCAT [10]
G+P

0.659 0.604 8.35%
MCAT+DSIBα 0.666 0.649 2.55%
MCAT+DSIBβ 0.674 0.666 1.19%

MCAT
P

0.659 0.621 5.77%
MCAT+DSIBα 0.666 0.653 1.95%
MCAT+DSIBβ 0.674 0.670 0.59%

MCAT
G

0.659 0.636 3.49%
MCAT+DSIBα 0.666 0.660 0.90%
MCAT+DSIBβ 0.674 0.672 0.30%

We mainly consider three MSPMs, i.e., MCAT [10], MOT-
CAT [12], MoME [21] on the dataset LUAD for the following
analysis.

Mitigating Inherent Noise and Redundant Information
(RQ1). We investigate whether DSIB effectively mitigates
heterogeneity-induced noise and filters redundancy through
controlled stress tests.

(1) Robustness against Feature Noise. We simulate inherent
clinical noise by injecting Gaussian perturbations into the em-
beddings: xnoisy = x+λ ·ε. As reported in Table II, DSIB ex-
hibits superior resilience. Notably, under high-intensity noise
(λ=0.05), the baseline suffers a severe performance drop of
9.26%, whereas DSIBβ limits the degradation to just 5.63%.

(2) Filtering Redundant Information. We further introduce
task-irrelevant redundancy by concatenating random noise
dimensions to genomic profiles (50% expansion) and injecting
uninformative patterns into WSI embeddings. As shown in
Table III, while the baseline performance deteriorates due to
overfitting nuisance signals, DSIB maintains stability across all
settings. This confirms that the discrete bottleneck successfully
compresses the joint representation, discarding redundancy
while preserving prognostic evidence.

Compatibility with Robustness Methods (RQ2). We also
study whether DSIB is compatible with an existing robustness-
enhancing approach, LD-CVAE. As summarized in Table IV,
integrating DSIB with LD-CVAE yields consistent additional
gains across settings, demonstrating that DSIB can be seam-
lessly combined with other robustness techniques under dif-

TABLE IV
STATE-OF-THE-ART ROBUST TRAINING METHODS LD-CVAE FOR MSP

WITH AND WITHOUT DSIB ON THE LUAD.

Models Ori. LD-CVAE [1] LD-CVAE+DSIBα LD-CVAE+DSIBβ
MoME 0.691 0.696 0.703 0.709

TABLE V
ABLATION STUDY OF DSIB ON THE MOME.

Method BLCA UCEC LUAD Avg.

MoME [21] 0.686 0.706 0.691 0.694
+DSIB w/o Ldist 0.700 0.716 0.704 0.707
+DSIB w/o Lreg 0.692 0.715 0.699 0.702
+DSIB w/o Noise 0.687 0.710 0.693 0.697
Full DSIB (ours) 0.704 0.724 0.710 0.713

32 64 128 256
K

0.64

0.66

0.68

0.1 0.3 0.5 0.7 0.9

k

0.2

0.4

0.6

MCAT
MoME

Fig. 2. C-index on the dataset UCEC with different values of parameter K
and πk .

TABLE VI
PERFORMANCE OF MOME UNDER DIFFERENT DIVERGENCES.

Models Divergence BLCA UCEC LUAD

MoME+DSIBα
KL(p‖pδ) 0.683 0.702 0.688
KL(pδ‖p) 0.687 0.706 0.691

JS 0.695 0.715 0.700

MoME+DSIBβ
KL(p‖pδ) 0.691 0.712 0.697
KL(pδ‖p) 0.695 0.717 0.701

JS 0.703 0.723 0.709

ferent MSPM robustness strategies.

D. Ablation Study

(1) Effects of each Component in DSIB. We perform
ablations on the MoME baseline (Table V). Removing noise
injection (w/o Noise) leads to the largest drop (0.712→0.697),
indicating that latent perturbation is the key factor for ro-
bust representation learning. Without the regularization term
(w/o Lreg), performance decreases to 0.702, showing that the
VIB-style constraint is necessary for suppressing redundancy.
Without self-distillation (w/o Ldist), the score drops to 0.707,
confirming that consistency guidance stabilizes the perturbed
features. Overall, the full DSIB achieves the best result
(0.712), suggesting these components are complementary.

(2) Impact of Bottleneck Dimension K and Prior πk. To
investigate the sensitivity of DSIB to its core components, we
evaluate the performance variance by sweeping the bottleneck
dimension K ∈ {32, 64, 128, 256} and varying the prior-
related parameter πk. As illustrated in Fig. 2, the model
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Fig. 3. Attention visualization of MoME [21] and MoME+DSIB.

exhibits robust performance across a reasonable range of
hyperparameters, with K = 32 and πk = 0.5 emerging as
the optimal configuration for most cohorts. This suggests that
a relatively compact bottleneck effectively filters out modality-
specific noise and redundant correlations while preserving
essential prognostic signals.

(3) Effects of JS-divergence. We compare KL- and JS-
divergence for LDSIB

Dist (Table VI). JS-divergence consistently
achieves the best performance across all datasets and DSIB
variants. Compared with the asymmetric KL objective, the
symmetric and bounded JS objective encourages more bal-
anced alignment between pδ and p, leading to more stable
optimization and improved generalization.

E. Visualization

As illustrated in Fig. 3, the visualization compares the
attention maps of MoME and MoME+DSIB on a TCGA
whole-slide image. The MoME model (center) shows scat-
tered attention across various regions, possibly focusing on
irrelevant areas. In contrast, MoME+DSIB (right) refines the
attention, highlighting more relevant regions, suggesting that
DSIB helps the model suppress noise and redundant features.
The coarse black lines or dots in the original WSI are typically
markings made by pathologists on physical slides or artifacts,
background impurities, or non-tissue regions identified during
scanning. Our method effectively avoids these distractions,
enhancing robustness and interpretability in survival prediction
tasks.

V. CONCLUSION

In this paper, we introduced the Discrete Self-Distillation
Information Bottleneck (DSIB) framework to enhance ro-
bustness in multimodal survival prediction. DSIB effectively
mitigates the challenges of multimodal heterogeneity by reg-
ularizing the fusion representation, suppressing noise, and
filtering redundant information. Our extensive experiments on
TCGA datasets demonstrate that DSIB consistently improves
prognostic accuracy and robustness, with zero inference over-
head, making it suitable for practical clinical deployment.
DSIB provides a lightweight, plug-and-play solution that can
be seamlessly integrated into existing multimodal survival
prediction models, improving their stability without requiring
architectural modifications.
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