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Abstract. Multimodal survival analysis aims to improve cancer prog-
nosis using heterogeneous biomedical data, such as histopathology im-
ages and genomic profiles. A common strategy is to align representations
across modalities so that shared signals can be captured. However, strong
cross-modal alignment can also remove modality-specific evidence that
is critical for survival prediction. In this paper, we revisit multimodal
survival learning from a simple observation: effective models should first
discover shared patterns across modalities, and then preserve modality-
specific signals. This motivates a representation learning principle that
we refer to as Together Then Apart. Based on this idea, we propose
TTA, a framework that balances cross-modal alignment and represen-
tation distinctiveness. TTA first performs prototype-based alignment to
capture shared survival-related structures between modalities. It then
encourages modality-specific distinctiveness through an anchor-guided
contrastive objective. To further account for modality imbalance and
noisy correspondences, we model cross-modal interactions using unbal-
anced optimal transport. We evaluate the proposed approach on multi-
ple TCGA cancer cohorts with paired histopathology and genomic data.
TTA consistently improves survival prediction over recent multimodal
survival models. Moreover, the learned prototype structures reveal inter-
pretable cross-modal patterns associated with clinical outcomes. Code is
available at https://github.com/Y-Research-SBU/TTA.

Keywords: Multimodal Learning · Survival Analysis · Computational
Pathology · Cross-Modal Representation Learning

1 Introduction

Multimodal survival analysis seeks to improve cancer prognosis by combining
heterogeneous biomedical data sources. Among them, pathology whole-slide im-
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Fig. 1: Traditional multimodal learning vs. our TTA framework. Conventional
approaches align heterogeneous modalities in a shared representation space, which
can suppress modality-specific signals. TTA follows a Together–Then–Apart strategy:
modalities are first aligned to capture shared patterns (Together), and then separated
to preserve modality-specific information (Apart).

ages (WSIs) and genomic profiles provide two complementary views of tumor bi-
ology. WSIs capture rich morphological patterns and histopathological biomark-
ers and are typically modeled using Multiple Instance Learning (MIL) frame-
works that aggregate patch-level features into slide-level representations [19,20,
34, 44]. Genomic measurements, often derived from transcriptomic or pathway-
level analyses [15,24,32], reveal molecular programs and mutation-driven signals
that are not observable in tissue morphology [29]. Combining these modalities
has therefore become a central direction in multimodal survival modeling [8–10,
14,21,28,41]. Most recent methods adopt attention-based fusion mechanisms to
learn joint representations that capture cross-modal correlations [8, 9, 21,37].

A common assumption behind these models is that aligning heterogeneous
modalities in a shared latent space will improve prediction. However, recent evi-
dence suggests that this assumption does not always hold [31,42,49]. When align-
ment is enforced too aggressively, multimodal representations can lose modality-
specific structure. This phenomenon, which we refer to as over-alignment col-
lapse, occurs when heterogeneous signals are prematurely forced into a shared
representation space. In practice, this may dilute morphology-rich spatial pat-
terns in WSIs and gene-level variation in genomics, reducing representational
diversity and limiting the benefit of multimodal integration. Empirical obser-
vations further reveal a surprising outcome: multimodal models can sometimes
underperform strong WSI-only baselines [19,25,33,34], which naturally preserve
detailed morphological information.
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Several recent works attempt to mitigate this issue. PIBD [49] disentangles
shared and modality-specific representations, while MRePath [31] dynamically
reweights modality contributions. Although these approaches partially alleviate
redundancy, they do not fully resolve the tension between cross-modal align-
ment and modality-specific information preservation. In particular, most exist-
ing methods treat these objectives independently, lacking a unified principle that
jointly encourages semantic agreement across modalities while maintaining the
distinctive signals each modality provides.

In this work, we revisit multimodal survival modeling from this perspective.
Our key observation is simple: effective multimodal representations should first
discover what modalities share, and only then preserve what makes them dif-
ferent. We term this learning principle Together-Then-Apart. Following this
idea, we propose TTA, a framework that explicitly balances cross-modal align-
ment and modality-specific distinctiveness. In the Together stage, TTA aligns
modalities by projecting both WSI and genomic embeddings onto a shared set of
prototypes that serve as semantic anchors. Unlike prior approaches that maintain
separate prototype spaces for each modality [37, 49], our shared-prototype de-
sign captures cross-modal structure while avoiding premature homogenization.
To further accommodate intra-sample heterogeneity, we introduce an unbal-
anced optimal transport (UOT) formulation that learns entropy-regularized
instance-to-prototype assignments under relaxed marginal constraints. This al-
lows the model to selectively emphasize informative regions and produce sta-
ble MIL representations. In the Apart stage, TTA preserves modality-specific
information. We introduce modality-specific anchors that retain distinctive se-
mantics for WSIs and genomics. A contrastive regularization encourages features
to remain close to their modality anchors while maintaining separation across
modalities, preventing representational collapse and complementing the align-
ment learned in the Together stage. Through this alternating process, TTA pro-
duces multimodal representations that capture both shared prognostic signals
and modality-specific evidence. Our contributions are as follows:

– We identify over-alignment collapse as a key challenge in multimodal sur-
vival analysis, where aggressive cross-modal alignment suppresses modality-
specific signals and limits the benefit of multimodal integration.

– We propose Together-Then-Apart (TTA), a framework that balances
cross-modal alignment and modality-specific distinctiveness. TTA aligns modal-
ities through shared prototypes while preserving distinctive information us-
ing modality-specific anchors and contrastive regularization.

– Extensive experiments on five TCGA cohorts demonstrate that TTA consis-
tently improves survival prediction over recent multimodal survival models
and reveals interpretable cross-modal structures related to clinical outcomes.
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2 Related Works

2.1 Single-Modality Survival Analysis

Recent studies have explored survival prediction using a single data modality,
most commonly histopathology whole-slide images (WSIs) or genomic profiles.
Due to the gigapixel resolution of WSIs, most approaches formulate the task
within a Multiple Instance Learning (MIL) framework, where a slide is repre-
sented as a bag of image patches. A large body of work focuses on how to aggre-
gate patch-level features into slide-level representations. Early methods employ
attention-based aggregation to assign importance weights to instances before
pooling [19,27]. Subsequent works extend this paradigm by modeling contextual
dependencies among patches using sequence-based architectures [34, 43]. Other
approaches exploit the hierarchical organization of WSI patches through multi-
scale or hierarchical frameworks [4,35]. Graph-based methods have also been pro-
posed to model spatial relationships between tissue regions and capture context-
aware interactions [7]. Another line of research focuses on reducing redundancy
among patch tokens through prototype-based abstraction [11, 36, 39, 44] or in-
stance filtering mechanisms that select informative regions for downstream pre-
diction [23,25,33,47,48]. In parallel, genomic survival modeling typically relies on
feedforward neural networks or self-normalizing neural architectures to process
transcriptomic or pathway-level features [17,22]. Although these single-modality
approaches provide strong predictive baselines and robust modality-specific rep-
resentations, they capture only one aspect of tumor biology. Integrating comple-
mentary modalities therefore becomes a natural direction for improving survival
prediction.

2.2 Multimodal Survival Analysis

Recent research efforts increasingly focus on integrating heterogeneous modali-
ties [16,40,45,46], particularly histopathology and genomics, for prognostic mod-
eling. Many multimodal methods adopt attention-based mechanisms to capture
interactions between modalities and learn joint representations for survival pre-
diction [1,9,21]. Beyond attention-based approaches, optimal transport has also
been explored as a mechanism for aligning pathology and genomic representa-
tions in a shared space [37, 41]. To improve scalability, MMP [37] introduces
morphological prototypes to compress redundant WSI tokens. PIBD [49] adopts
an information-theoretic framework to disentangle shared and modality-specific
representations and reduce redundancy. MRePath [31] further introduces dy-
namic reweighting to rebalance modality contributions. Other studies address
robustness in the presence of missing modalities, including LD-CVAE [50] and
DisPro [42]. Despite these advances, most existing approaches focus primarily
on modeling cross-modal correlations through alignment. How to capture shared
structures across modalities while preserving modality-specific signals remains
an open challenge in multimodal survival analysis.
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Fig. 2: Overview of TTA. (1) Tokenization: WSIs and gene-expression profiles are
converted into modality-specific token sets. (2) Together: All tokens are assigned to a
shared prototype bank via a semi-relaxed unbalanced optimal transport (UOT) module
with a curriculum on the mass parameter ρ. (3) Apart: Modality representations are
refined with modality-specific anchors and a contrastive regularizer to retain modality
identity. (4) Prediction: A co-attention module exchanges information between modal-
ities and outputs the survival risk.

2.3 Survival Analysis with Optimal Transport

Optimal Transport (OT) has recently emerged as an effective tool for modeling
structural relationships and heterogeneity in survival data. In WSI analysis, un-
balanced OT has been used for imbalanced clustering and instance-level patch
selection, allowing models to focus on salient regions that drive prognosis [33].
A similar idea can be applied to genomic features, where transporting mass to-
ward informative pathway tokens yields sparse and biologically meaningful rep-
resentations. Beyond within-modality modeling, OT has also been explored for
cross-modal alignment between pathology and genomic representations [37, 41].
Existing OT-based multimodal approaches typically compute transport plans
either between modality-specific embeddings [41] or between modality-specific
prototype assignments [37]. In contrast, our method computes a single transport
plan after concatenating pathology and genomic tokens and transporting them
to a shared prototype bank. This formulation enables cross-modal evidence to in-
teract under a unified assignment geometry while maintaining flexibility through
an unbalanced OT formulation.

3 Method

We consider survival prediction from two complementary patient views: pathol-
ogy WSIs and transcriptomics. A common practice is to tightly align the two
modalities, but in survival analysis this can be brittle: WSIs contain many am-
biguous patches, and transcriptomic signals are sparse and patient-dependent.
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If the model is forced to agree everywhere, modality-specific cues can be washed
out, and the combined model may even fall behind strong single-modality base-
lines. TTA follows a simple principle: align where the modalities agree, and keep
them separated where they should differ. As shown in Fig. 2, TTA consists of
two stages. Together (Sec. 3.2) aligns both modalities through shared proto-
types using an unbalanced optimal transport assignment, designed to tolerate
uncertainty and long-tailed heterogeneity. Apart (Sec. 3.3) then re-introduces
modality identity using modality-specific anchors and a lightweight contrastive
objective. Finally, a co-attention prediction head aggregates complementary ev-
idence for survival risk estimation (Sec. 3.4).

3.1 Problem Formulation

We represent each patient with two token sets, one per modality, so that align-
ment and refinement can be performed at the token level [37].
WSI tokenization. Each WSI is divided into patches and encoded by a
pretrained image encoder such as ResNet50 or UNI [6]. A linear projection maps
patch embeddings to D dimensions, yielding pathology tokens Xp

n ∈ RNp
n×D for

patient n, where Np
n is the number of patches and xp

n,i denotes the i-th patch
token.
Gene-expression tokenization. We formulate transcriptomics into pathway-
level tokens to obtain compact and interpretable genomic factors. Following
MMP [37], we use a fixed pathway collection indexed by c ∈ {1, . . . , Cg}. Each
pathway is specified by a binary selector ac ∈ {0, 1}G over G genes. Given the
gene-expression vector xg

n∈RG, we extract the pathway-specific subprofile and
densify it:

zagg
n,c = R(xg

n ⊙ ac) ∈ RNc , (1)

where ⊙ denotes element-wise multiplication, R(·) removes zeros, and Nc is the
number of genes selected by pathway c. A lightweight per-pathway head then
maps each summary to a D-dimensional token:

xg
n,c = Eg

(
zagg
n,c

)
∈ RD. (2)

This produces genomic tokens Xg
n = [xg

n,1; . . . ;x
g
n,Cg

] ∈ RNg
n×D with Ng

n = Cg.
In our experiments, pathways (e.g., Hallmark [24]) are fixed a priori.

3.2 Together: UOT-guided Prototype Alignment

The Together stage aligns histology and genomics using a shared set of proto-
types. Instead of directly matching tokens across modalities, we map each token
to the same prototype bank, which serves as a common coordinate system. Cru-
cially, assignments are computed with unbalanced optimal transport, allowing
uncertain tokens to remain diffuse early on and preventing noisy tokens from
dominating alignment.
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Shared prototypes. Let P ∈RK×D′
be K learnable prototypes in a shared

D′-dimensional space. For modality m ∈ {p, g}, tokens are projected by Wm

and ℓ2-normalized to obtain X̃m
n ∈RNm

n ×D′
. Prototypes are also normalized to

P̃ ∈RK×D′
. We compute cosine similarities with temperature τ :

Lm
n =

X̃m
n (P̃ )⊤

τ
∈ RNm

n ×K . (3)

Unbalanced optimal transport for robust assignments. A naive choice
is to use softmax(Lm

n ) as token-to-prototype weights. In survival analysis, this
can be unstable: WSI bags are large and long-tailed, and pathway tokens ex-
hibit strong patient-specific sparsity. Moreover, both modalities contain noisy
or weakly informative tokens, especially early in training. Motivated by OT-
Surv [33], we compute assignments via unbalanced optimal transport (UOT),
which naturally supports semi-relaxed matching: each token can spread its mass
across prototypes rather than committing prematurely. We define a transport
cost using negative log-probabilities:

Cm
n = − log softmax(Lm

n ) ∈ RNm
n ×K , m ∈ {p, g}. (4)

To allow cross-modal evidence sharing under a single assignment geometry, we
concatenate the two modalities along the token axis:

Cn =

[
Cp

n

Cg
n

]
∈ RNtot×K , Ntot = Np

n +Ng
n. (5)

We seek a transport plan Q∈RNtot×K
≥0 that minimizes a general OT objective:

min
Q≥0

⟨Q,Cn⟩F + F1

(
Q1, u

)
+ F2

(
Q⊤1, v

)
, (6)

where ⟨·, ·⟩F denotes the Frobenius inner product, 1 is an all-one vector with
context-dependent dimension, u and v are source and target marginals, and
F1, F2 encode the corresponding marginal constraints. We fix the source as uni-
form u = a = 1

Ntot
1Ntot , ensuring each token contributes equally before assign-

ment. The prototype-side marginal is relaxed to handle heterogeneity.
Prototype-side relaxation. We penalize deviation from a uniform prior
b = 1

K1K via KL divergence:

min
Q≥0

⟨Q,Cn⟩ + γKL
(
Q⊤1

∥∥ b) s.t. Q1 = a, (7)

where γ>0 controls the relaxation strength. This prevents the plan from collaps-
ing onto a few dominant prototypes and keeps prototype usage balanced, while
still allowing patient-dependent deviations. We provide additional algorithm de-
tails and theoretical derivations in Appendix A.
Curriculum on transported mass. Even with a balanced prior, noisy tokens
can still introduce spurious matches early in training. We therefore control the
total mass transported to real prototypes using ρ ∈ [0, 1]: only a ρ-fraction of
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mass is assigned to the K prototypes, and the remaining 1 − ρ is absorbed by
a sink. Small ρ yields conservative, uncertainty-tolerant assignments; larger ρ
gradually enforces more decisive matching. Let bρ = ρ

K1K . We obtain:

min
Q≥0

⟨Q,Cn⟩ + γKL
(
Q⊤1

∥∥ bρ) s.t. Q1 ≤ a, 1⊤Q1 = ρ. (8)

We schedule ρ with a smooth ramp-up:

ρ(t) = ρbase + (ρupper−ρbase) exp

(
−5

(
1− t

T

)2
)
, (9)

where t is the current training iteration clipped to [0, T ], T is the ramp-up hori-
zon, and ρbase and ρupper denote the initial and maximum transported masses,
respectively. Thus, assignments remain cautious during the unstable early phase
and become sharper only after representations have matured.

To solve the relaxed problem efficiently, we append a zero-cost sink column
and define C̃n = [Cn | 0] ∈ RNtot×(K+1). The corresponding target prior be-
comes:

b̃(ρ) =

[ ρ
K1K

1− ρ

]
∈ RK+1. (10)

We then solve:

min
Q̃≥0

⟨Q̃, C̃n⟩ + γKL
(
Q̃⊤1

∥∥∥ b̃(ρ)
)

s.t. Q̃1 = a, (11)

After removing the sink column, we multiply the remaining plan by Ntot and
denote the resulting row-scaled UOT assignment by Q⋆∈RNtot×K . Because the
plan is computed over concatenated tokens, strong evidence from one modality
can support the other, while the sink prevents forced agreement when the signals
conflict. Let Q⋆,p and Q⋆,g denote the modality-specific blocks of Q⋆. We blend
similarity-based weights and transport-based assignments, then row-normalize
the mixture over prototypes:

Wm
n = Normalize((1− β) softmax(Lm

n ) + β Q⋆,m) , β ∈ [0, 1], (12)

where Normalize(A)ik = Aik/(
∑

j Aij + ϵ) denotes row-wise normalization with
a small ϵ > 0 for numerical stability. Prototype tokens are aggregated as:

Hm
n = (Wm

n )⊤Xm
n ∈ RK×D, m ∈ {p, g}. (13)

Instance-level supervision. We further use UOT assignments as soft pseudo-
labels to regularize token-to-prototype predictions. Let πm

i = Normalize(Q⋆,m)i,:
be the row-normalized UOT pseudo-label and pm

i = softmax(ℓmi ) be the pre-
dicted prototype distribution, where ℓmi is the i-th row of Lm

n . We define:

Lm
CE = − 1

Nm
n

Nm
n∑

i=1

⟨πm
i , log pm

i ⟩ , m ∈ {p, g}, (14)

and combine the two modalities:

Linstance = λwsi Lp
CE + λgen Lg

CE. (15)
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3.3 Apart: Contrastive Diversification

After Together, both modalities live in the same prototype coordinate system.
This is useful for sharing information, but it can also blur modality identity. The
Apart stage counteracts this effect by explicitly keeping histology and genomics
distinguishable.
Anchor refinement. We introduce a learnable anchor for each modality, ap
and ag ∈ RD′

, which serve as modality identifiers rather than patient-specific
centers. Prototype tokens are projected by a modality-specific map Um∈RD×D′

and normalized to obtain H̃m
n ∈RK×D′

. We append the anchor as an extra token
and refine the set with a lightweight self-attention module Rθ:

Y m
n = Rθ([H̃

m
n ; am]) ∈ R(K+1)×D′

, m ∈ {p, g}, (16)

then keep the first K tokens:

Ĥm
n = headK(Y m

n ) ∈ RK×D′
. (17)

Anchor-based contrastive regularization. We encourage each modality to
stay close to its own anchor while remaining separated from the other modality’s
anchor. Let ϕ(·) be a projection head followed by unit normalization, and let
h̄m
n = 1

K

∑K
k=1 ĥ

m
n,k be the mean refined token. We compute:

sm+ =
⟨ϕ(h̄m

n ), ϕ(am)⟩
τr

, sm− =
⟨ϕ(h̄m

n ), ϕ(am̄)⟩
τr

, m ∈ {p, g}, (18)

where m̄ denotes the other modality and τr > 0 is the contrastive temperature.
We then define the InfoNCE-style loss [3, 30]:

Lcontrast = − log
exp(sp+)

exp(sp+) + exp(sp−)
− log

exp(sg+)

exp(sg+) + exp(sg−)
. (19)

3.4 Prediction Head

We next combine the two refined modality streams for survival prediction. We
use a transformer-style co-attention module [38] over prototype tokens Ĥp

n and
Ĥg

n. Co-attention allows pathology to query genomics and vice versa, capturing
cross-modal dependencies at the prototype level. We then mean-pool within
each modality to obtain hp

n and hg
n, and map them to a joint representation

fn = F (hp
n, h

g
n) ∈ Rdf . A linear risk head predicts log-risk rn = ⟨w, fn⟩, with

w ∈ Rdf . We train with a standard survival objective Lsurv (e.g., Cox partial
likelihood [12]). The full training loss is:

Ltotal = Lsurv + λcontrastLcontrast + λinstLinstance. (20)

Discussion. The two auxiliary terms play different roles. Linstance stabilizes
prototype assignments in Together, while Lcontrast preserves modality iden-
tity in Apart. In practice, we find this separation improves both robustness
and interpretability without complicating optimization (see ablation studies in
Section 4.3 and Appendix A.1).
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4 Experiments

In this section, we first describe the implementation details (Section 4.1). We
then conduct comprehensive comparisons with seventeen state-of-the-art meth-
ods across five benchmarks (Section 4.2). We further perform ablation studies
to analyze the contributions of the main components of TTA (Section 4.3).

4.1 Implementation Details

Datasets. We evaluate our method on five cancer cohorts from The Cancer
Genome Atlas (TCGA): Bladder urothelial carcinoma (BLCA, n = 359), Breast
invasive carcinoma (BRCA, n = 868), Stomach adenocarcinoma (STAD, n =
318), Colon and Rectum adenocarcinoma (CRC, n = 296), and Kidney renal
clear cell carcinoma (KIRC, n = 340). These cohorts span distinct tissue systems,
including gastrointestinal (CRC, STAD), urological (BLCA, KIRC), and breast
(BRCA) cancers, and exhibit substantially different histology, genomic profiles,
and survival patterns. This diversity provides a challenging testbed for evaluating
cross-tissue generalization.

We follow the data splits in [37] and use disease-specific survival (DSS) [26]
as the prediction target. Performance is evaluated using the concordance index
(C-Index) with 5-fold site-stratified cross-validation [18], which is widely adopted
for survival analysis on TCGA cohorts with limited sample sizes [9,21,37,41]. To
avoid overfitting, a single configuration is used for all folds and datasets without
per-fold tuning, and we report mean±std C-Index.
Settings. Key configurations are summarized here. Additional implementation
details are provided in Appendix B, and further experiments are reported in
Appendix C.

WSI patches are encoded using UNI [5], a DINOv2-based ViT-Large pre-
trained on 1×108 pathology patches. To verify robustness across feature extrac-
tors, we also evaluate ResNet50 [13] (Table 9 in Appendix C). For bags exceeding
a fixed size, we apply uniform subsampling. Shorter bags are zero-padded. The
UOT transport plan then learns importance weights during aggregation. Follow-
ing MMP [37], gene expression profiles are organized into 50 Hallmark pathways
covering 4,241 genes, which correspond to well-defined biological processes and
provide interpretable genomic groupings [24]. In the Together stage, we use
K=32 shared prototypes with KL regularization weight γ=0.1. The curriculum
mass is scheduled from ρbase=0.1 to ρupper=1.0. The auxiliary loss weights are
λcontrast=λinst=0.5, and the modality weights are λwsi=λgen=1. For the survival
objective Lsurv, we use the Cox partial likelihood [12]. Both Cox and discrete-
time NLL are standard objectives in survival modeling, and we verify their in-
terchangeability in Appendix C. Note that Cox partial likelihood requires batch
sizes larger than 1, as risk set computation involves pairwise comparisons be-
tween samples.
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Table 1: Comparison with state-of-the-art methods in terms of C-index (mean
± std) across five TCGA cancer cohorts. “Modal.” denotes Modality, “h.” and “g.”
denote models that rely solely on histopathology WSIs and genomic data, respectively,
while “g.+h.” indicates multimodal models using both modalities. The overall score is
computed as the average C-index across datasets. The best and second-best results are
highlighted in bold and underline, respectively.

Model Modal. BRCA BLCA STAD CRC KIRC Overall

SNN [22] g. 0.619±0.063 0.618±0.027 0.557±0.072 0.576±0.102 0.689±0.098 0.611
SNNTrans [34] g. 0.630±0.062 0.622±0.038 0.559±0.070 0.570±0.098 0.698±0.126 0.616

ABMIL [19] h. 0.566±0.097 0.553±0.052 0.566±0.033 0.655±0.118 0.675±0.124 0.603
CLAM [27] h. 0.627±0.188 0.618±0.104 0.538±0.077 0.629±0.132 0.670±0.124 0.616
HIPT [4] h. 0.566±0.092 0.606±0.126 0.529±0.074 0.600±0.066 0.685±0.099 0.597

AttnMISL [44] h. 0.585±0.073 0.533±0.065 0.541±0.052 0.723±0.111 0.656±0.112 0.607
TransMIL [34] h. 0.599±0.056 0.595±0.102 0.500±0.060 0.550±0.143 0.676±0.132 0.584
OTSurv [33] h. 0.625±0.071 0.637±0.065 0.556±0.057 0.663±0.102 0.739±0.149 0.644

PANTHER [36] h. 0.643±0.128 0.593±0.083 0.503±0.082 0.639±0.133 0.700±0.124 0.615

MCAT [9] g.+ h. 0.650±0.096 0.623±0.055 0.528±0.112 0.579±0.134 0.699±0.121 0.615
CMTA [1] g.+ h. 0.687±0.077 0.622±0.056 0.539±0.076 0.568±0.102 0.711±0.121 0.625

MOTCat [41] g.+ h. 0.717±0.058 0.631±0.059 0.576±0.075 0.598±0.128 0.708±0.109 0.646
SurvPath [21] g.+ h. 0.696±0.061 0.619±0.051 0.555±0.133 0.588±0.134 0.742±0.101 0.640

PIBD [49] g.+ h. 0.683±0.056 0.661±0.034 0.552±0.054 0.582±0.077 0.732±0.139 0.642
MRePath [31] g.+ h. 0.703±0.036 0.651±0.060 0.579±0.062 0.639±0.101 0.743±0.112 0.663

MMP [37] g.+ h. 0.724±0.067 0.640±0.050 0.594±0.066 0.634±0.118 0.743±0.133 0.667
LD-CVAE [50] g.+ h. 0.709±0.047 0.676±0.035 0.589±0.083 0.602±0.120 0.751±0.139 0.665
TTA(Ours) g.+ h. 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693

4.2 Main Results

Comparisons with SOTAs. We compare TTA with a wide range of re-
cent survival analysis methods. Unimodal baselines, including SNN [22] and
SNNTrans [22,34] for genomic survival prediction. For histopathology-only sur-
vival modeling, we compare against seven representative MIL methods: AB-
MIL [19], CLAM [27], HIPT [4], AttnMISL [44], TransMIL [34], OTSurv [33], and
PANTHER [36]. For multimodal survival prediction, we compare against eight
recent methods including MCAT [9], CMTA [1], MOTCat [41], SurvPath [21],
PIBD [49], MMP [37], MRePath [31], and LD-CVAE [50]. All comparison meth-
ods were re-run with the same splits, gene tokens, and WSI features.

The results are reported in Table 1. As is shown, compared with unimodal
methods, most multimodal approaches including ours achieve higher overall
C-index, indicating complementary benefits from fusing WSIs and genomics.
Among multimodal methods, TTA attains the best overall performance, out-
performing the second-best by +2.6% in Overall C-index. Across cohorts, TTA
ranks first on BRCA, STAD, KIRC and second on BLCA and CRC. Relative to
strong recent multimodal methods (e.g., MMP [37], LD-CVAE [50]), per-dataset
gains typically range from about +0.2% to +5.1%, and up to +8.3% on
CRC. This supports that our Together-Then-Apart design, which minimizes se-
mantic discrepancies during alignment and maximizes modality distinctiveness
thereafter, yields more discriminative multimodal representations for survival
prediction.
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Table 2: Ablation study on the Together and Apart stages. C-index (mean
± std) is reported across five cohorts, with the last column showing the average across
cohorts. Gray rows denote the default setting.

TOGETHER APART BRCA BLCA STAD CRC KIRC Overall

0.682±0.082 0.660±0.063 0.558±0.071 0.561±0.170 0.756±0.124 0.643
✓ 0.675±0.078 0.682±0.067 0.582±0.043 0.587±0.177 0.784±0.088 0.662

✓ 0.683±0.034 0.651±0.077 0.585±0.099 0.625±0.145 0.785±0.098 0.666
✓ ✓ 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693

Table 3: Ablation study on the Together stage: shared vs. modality-specific
prototypes and joint vs. modality-specific unbalanced optimal transport. C-index
(mean ± std) is reported across five cohorts, with the last column showing the av-
erage across cohorts. Gray rows denote the default setting.

Shared
Prototypes

joint
UOT BRCA BLCA STAD CRC KIRC Overall

0.755±0.025 0.671±0.025 0.594±0.063 0.609±0.199 0.780±0.108 0.681
✓ 0.713±0.034 0.662±0.081 0.605±0.081 0.672±0.110 0.768±0.130 0.684
✓ ✓ 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693

Analysis on the CRC Cohort. CRC is particularly challenging for mul-
timodal survival modeling. Clinical prognosis in colorectal cancer is strongly
driven by histological morphology, meaning that most predictive signals originate
from WSIs. In this setting, strong cross-modal alignment can dilute discrimina-
tive morphological cues, causing several multimodal methods to underperform
WSI-only baselines. TTA alleviates this issue through the Apart stage, which
explicitly preserves WSI-specific evidence via anchor-guided contrastive regular-
ization. The ablation in Table 2 confirms this behavior: removing Apart leads to
a −9.8% drop on CRC (0.685 → 0.587). This result highlights the importance of
preserving modality-specific representations in settings where predictive signals
are unevenly distributed across modalities.

4.3 Ablation Study

We conduct ablation experiments to analyze the contributions of the main com-
ponents in TTA. Hyperparameter sensitivity is summarized in Fig. 3. We first
evaluate the individual and combined effects of the Together and Apart
stages. We then analyze key design choices within Together, including shared
vs. respective prototypes, joint vs. respective UOT, and the instance-to-prototype
assignment strategy with different mass schedules. Finally, we study the two key
components of Apart: anchor refinement and contrastive regularization.
Effect of the Together and Apart Stages. We evaluate four variants:
(i) neither stage, (ii) Together only, (iii) Apart only, and (iv) both stages.
Removing Together replaces shared prototypes with modality-specific proto-
types and disables UOT alignment. Removing Apart disables the anchor refiner
and its contrastive objective. As shown in Table 2, enabling only Together im-
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Table 4: Ablation study on anchor refinement and contrastive regularization
in the Apart stage. “Contrast. Regular.” denotes Contrastive Regularization. C-
index (mean ± std) is reported across five cohorts, with the last column showing the
average across cohorts. Gray rows denote the default setting.

Anchor
Refinement

Contrast.
Regular. BRCA BLCA STAD CRC KIRC Overall

0.675±0.078 0.682±0.067 0.582±0.043 0.587±0.177 0.784±0.088 0.662
✓ 0.694±0.048 0.648±0.066 0.598±0.099 0.636±0.155 0.771±0.122 0.669

✓ 0.688±0.072 0.678±0.053 0.589±0.032 0.627±0.134 0.778±0.083 0.672
✓ ✓ 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693

Table 5: Ablation on assignment and curriculum mass ρ. C-index (mean ±
std) is reported across five cohorts, with the last column showing the average across
cohorts. “curr.” denotes curriculum. Gray rows denote the default setting.

Module Setting BRCA BLCA STAD CRC KIRC Avg

Assignment

KMeans 0.726±0.057 0.656±0.070 0.582±0.078 0.670±0.096 0.772±0.119 0.681
General OT 0.716±0.036 0.652±0.085 0.585±0.082 0.692±0.112 0.769±0.124 0.683
w/o curr. ρ 0.720±0.039 0.662±0.083 0.589±0.081 0.686±0.117 0.775±0.126 0.686
w/ curr. ρ 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693

ρ ramp-up
Schedule

Sigmoid 0.726±0.039 0.662±0.079 0.613±0.079 0.685±0.131 0.778±0.117 0.693
Linear 0.735±0.072 0.661±0.060 0.604±0.053 0.667±0.116 0.771±0.113 0.687

proves Overall C-index by +1.9%, while enabling only Apart yields +2.3%.
Enabling both stages further increases performance to +5.0%. These results in-
dicate that cross-modal alignment and modality-specific representation learning
are complementary and jointly necessary.
Shared vs. Respective Prototypes and Joint vs. Respective UOT. We
further analyze two design choices within the Together stage. When shared
prototypes are disabled, each modality maintains its own prototype set. When
joint UOT is disabled, optimal transport is solved independently for each modal-
ity. With both components enabled, prototype tokens from both modalities are
concatenated and matched through a joint UOT plan with a dummy sink and
curriculum mass. Results in Table 3 show that replacing modality-specific pro-
totypes with shared prototypes improves Overall C-index by +0.3%. Further
enabling joint UOT improves performance by an additional +0.9%, resulting in
a total gain of +1.2%. This indicates that a shared prototype space combined
with a unified transport plan yields more coherent cross-modal alignment.
Anchor Refinement and Contrastive Regularization. We next examine
the two components in Apart stage. Table 4 shows that anchor refinement alone
improves performance by +0.7%, while contrastive regularization alone yields
+1.0%. Combining both components leads to a larger improvement of +3.1%.
These results suggest that lightweight refinement together with contrastive cou-
pling helps preserve modality-specific structure and prevents over-alignment.
Instance-to-Prototype Assignment. We ablate the soft instance-to-prototype
assignment used in Together (Table 5). Besides hard KMeans, we compare
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Fig. 3: Hyperparameter robustness. Each bar shows the change in average C-index
across five cohorts when perturbing a single factor from the default configuration.
The default Avg. (0.693) is indicated by the dashed line. Colors indicate groups of
hyperparameters for the Together stage, the Apart stage, and training.

OT-based soft assignments (General OT and UOT): “w/o curr. ρ” denotes with-
out curriculum mass ρ and uses a fixed transported mass, while “w/ curr. ρ”
ramps up ρ to gradually tighten matching and route uncertain tokens to a sink
early on. UOT with curriculum mass ρ achieves the best Overall C-index, indi-
cating that our model benefits from a heterogeneity-aware soft assignment with
curriculum scheduling.
Curriculum Mass Schedule. We further examine the scheduling strategy
of transported mass ρ(t). Replacing the sigmoid ramp-up with a linear schedule
reduces the Avg C-index from 0.693 to 0.687 (Table 5). This observation suggests
that gradually enforcing strict matching stabilizes training during early stages.
Robustness and Hyperparameter Sensitivity. We adopt a single config-
uration across all datasets and folds without per-dataset tuning. Fig. 3 shows
one-at-a-time perturbations around the default configuration. Detailed results
are provided in Appendix C. Most variants lead to only minor performance
changes, indicating stable performance across a range of settings. When en-
abling the multi-head OT assignment, too few heads can be unstable (e.g., H=3).
Meanwhile, even a single head (H=1) achieves a reasonable Avg C-index.
More Ablations and Visualizations. Additional ablation experiments and
hyperparameter studies are provided in Appendix C. We also provide additional
visualization results in Appendix D.

4.4 Stratification Visualization

To further evaluate risk stratification, we perform Kaplan–Meier survival anal-
ysis based on predicted risk groups. Fig. 4 presents Kaplan–Meier curves for all
five cancer cohorts, showing clear separation between predicted high- and low-
risk groups. The log-rank test [2] yields statistically significant p-values across
all cohorts: 2.61 × 10−3 (BRCA), 2.51 × 10−4 (BLCA), 8.93 × 10−3 (STAD),
3.02 × 10−2 (CRC), and 1.86 × 10−10 (KIRC). All p-values are well below the
0.05 significance threshold, confirming effective survival stratification.
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BRCA STADBLCA

CRC KIRC

Fig. 4: Kaplan-Meier curves for the predicted high-risk (red) and low-risk (blue)
groups. A p-value < 0.05 indicates statistical significance, and shaded regions denote
confidence intervals.

5 Conclusion

We introduced Together-Then-Apart (TTA), a framework for multimodal sur-
vival analysis that balances cross-modal alignment (Together) with modality-
specific distinctiveness (Apart). In the Together stage, TTA aligns modalities
through shared prototypes using an unbalanced optimal transport formulation
with a curriculum mass schedule, producing stable assignments that account for
intra-instance heterogeneity. The Apart stage then preserves modality-specific
structure through anchor refinement and contrastive regularization, preventing
representational collapse while retaining distinctive signals from each modal-
ity. Experiments on five TCGA cohorts show that TTA consistently improves
survival prediction over recent multimodal approaches and reveals interpretable
cross-modal structures associated with clinical outcomes. More broadly, our re-
sults suggest that effective multimodal models should balance shared semantic
alignment with modality-specific information, rather than forcing heterogeneous
signals into a single representation. We hope this work encourages further study
of representation learning strategies that respect both shared and modality-
specific structure in multimodal biomedical data.
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