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Abstract

Survival prediction from medical imaging is a critical
challenge in computational oncology, with high clinical
relevance for patient stratification and treatment plan-
ning. However, current Deep Learning methods suffer
from three core limitations: they assume complete modal-
ity availability, overlook local-to-global cross-modal inter-
actions, and disregard modality-specific signal reliability
during optimization. To address these issues, we intro-
duce PARACHUTE', a novel Deep Learning framework for
robust multimodal survival prediction from heterogeneous
and partially missing imaging data. PARACHUTE inte-
grates modality-specific pretrained encoders with adapter
networks that align radiology and histopathology features
into a shared latent space. A Dynamic Contextual Embed-
ding mechanism captures biologically grounded local cor-
relations between pathology and radiology and channels
them through a multi-head cross-attention fusion module
to guide global survival prediction, while adaptively han-
dling missing modality scenarios. Furthermore, a Gradient
Curvature Steering module improves convergence in incom-
plete data regimes by regularizing gradients via local cur-
vature alignment. Experiments on three CPTAC and TCGA
derived cancer cohorts show that PARACHUTE achieves
a C-index of 0.8367 with full modality input, and it re-
tains strong performance under missing modality condi-
tions (0.7488) while producing clinically meaningful risk
stratifications, as confirmed by Kaplan—Meier analysis.

1. Introduction

Survival analysis predicts patient survival times support-
ing risk stratification and clinical decision-making. Among
the diverse biomarkers, imaging [27] is the most routinely
employed due to its accessibility and rich phenotypic con-
tent [28]. Indeed, clinicians rely primarily on two comple-
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mentary imaging modalities in everyday practice: radiology
to provide organ-scale views for screening and staging [2],
and histopathology to offer cellular-level insights for diag-
nostic confirmation and fine-grained prognosis [14].

An increasing number of studies have explored combin-
ing radiological and pathological images to improve can-
cer prognosis assessment [29, 32, 40]. Notably, An et
al. [1] present a two-stage cross-modal fusion with cross-
attention and low-rank interactions for robust survival pre-
diction across cancers. Building on this, Song et al. [31]
adapt cross-modality and cross-region self-attention for sur-
vival and tumor grading in oropharyngeal carcinoma.

While multimodal cancer analysis is gaining traction,
most methods assume full modality availability, an as-
sumption often broken by clinical realities like missing
histopathology from invasive biopsies or absent radiology
acquired outside workflows [36]. Compounding this, mod-
eling multiscale radiology-histopathology dependencies re-
mains challenging. Locally, histological details shape re-
gional radiographic patterns [17]. Globally, where broader
contextual signals are integrated, local cross-modal inter-
actions propagate to influence the direction of the disease
assessment [11, 45]. Such dependencies are nonlinear,
sparse, and asymmetric, and only specific regions carry
cross-modal relevance. To exemplify, in Pancreatic Duc-
tal Adenocarcinoma (PDA), strong local cues, such as ra-
diology ductal cutoff and histopathology stromal desmo-
plasia, can reinforce an otherwise weak global associa-
tions between poor tumor demarcation and widespread stro-
mal involvement, ultimately guiding diagnosis [15, 23].
Common strategies handle missing modalities by requir-
ing auxiliary branches and extra losses via conditional or
gated cross-attention [21, 33] or reconstructing one from
the other [33, 37], using memory banks [34] or disentan-
gled spaces [30], often combined with self-attention pool-
ing over radiology and histopathology embeddings to model
cross-modal interactions. However, three key challenges
hinder their effectiveness. First, additional objectives in
conditional or gated cross-attention add non-trivial train-
ing overhead, increase model complexity and destabilize



model optimization. Second, the sheer scale of Whole Slide
Images (WSIs) and radiology volumes (e.g., 150K? pixels
and 5123 voxels) with sparse diagnostic regions [44] ren-
ders reconstruction or dictionary learning computationally
prohibitive. Third, standard attention and pooling lack bi-
ologically grounded inductive biases to capture the causal,
local-to-global dependencies inherent in cross-modal inter-
actions [18], further amplifying sensitivity to sharp minima
and gradient conflicts, especially under missing modalities,
where naive optimization easily overfits or collapses.

To address these challenges, we  introduce
PARACHUTE(Pathology-Radiology Cross-modal Chute),
a multimodal fusion framework that captures biolog-
ically grounded local correlations between pathology
and radiology and channels them through a cross-modal
chute to guide global survival prediction, while main-
taining robustness to missing modalities. Specifically,
PARACHUTE employs a dynamic contextual embedding to
model local cross-modal correspondences with awareness
of missing data, injecting spatial alignment cues into the
global representation. Additionally, a gradient steering
mechanism prioritizes informative regions while reducing
the influence of incomplete or noisy data. Experiments
across three cancer survival cohorts show consistent gains
under both complete and missing modality settings. Our
main contributions are:

* We introduce a Dynamic Contextual Embedding (DCE)
that captures local cross-modal feature correlations while
adaptively handling missing modality scenarios.

* We propose a local-to-global relational modeling strat-
egy that injects biologically grounded inductive biases by
transferring local cross-modal correlations and missing
data awareness into the global fusion process.

* We incorporate a Gradient Curvature Steering (GCS)
mechanism that dynamically steers gradient amplitudes
and directions along low-curvature paths of the local loss
surface geometry when modalities are noisy/incomplete.

2. Related work

2.1. Survival Analysis in Multimodal Learning

Integrating radiology and histopathology captures com-
plementary multiscale tumor features critical for accu-
rate survival prediction. Recent approaches such as
M4Survive [18] leverage Mamba-based adapters to fuse
pretrained foundation models embeddings learning a shared
latent space and a token-based fusion strategy to pre-
serve fine-grained, modality-specific details for survival
risk estimation. In HPV-associated oropharyngeal can-
cer, SMuRF [31] uses a Swin Transformer to fuse radi-
ology features from tumors and lymph nodes with WSIs,
modeling cross-modality and cross-region interactions via
multi-head self-attention. Further multimodal fusion strate-
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gies have emerged from integrating histopathology and ge-
nomics biomarkers. MCAT [3] employs a co-attention
transformer for WSIs with genomic features dense map-
ping, while Xu et al. use optimal transport to match in-
stances across modalities [39]. Zhang et al. address redun-
dancy in multimodal survival modeling with PIBD, and CA-
MLIF [1] uses contrastive attention to preserve modality-
specific discriminative power during fusion. However, these
methods generally assume full modality availability dur-
ing training and inference, limiting their robustness in real-
world clinical settings where missing data is common.

2.2. Missing Modality in Multimodal Learning

To address missing modality in multimodal learning, some
methods aim to reconstruct missing data: MMD [6] uses
mean fusion with modality reconstruction losses, while LD-
CVAE [43] generates missing embeddings from the avail-
able modality using a bottleneck transformer and a latent
differentiation VAE, fusing them via a product-of-experts
strategy. Other methods avoid explicit reconstruction by
retrieving representative features from modality-specific
memory banks, as in MGIML [34], which augments miss-
ing inputs using cross-modal memory reads. To enhance
representation learning, auxiliary-task-based methods pro-
mote disentanglement of shared and modality-specific fea-
tures [33], while DRIM [30] explicitly models each em-
bedding as a combination of modality-unique and patient-
shared components, improving robustness to missing data.
Contrastive learning has also been extended to capture inter-
patient similarity [25]: Farooq et al. [8] incorporate a cross-
patient module to align embeddings across semantically re-
lated cases even with partial input. However, recovering
missing high-resolution image profiles remains challenging.
Existing methods retain modality- and patient-specific sig-
nals but rely on uniform fusion, lacking adaptive mecha-
nisms to transfer local cross-modal cues to global prediction
based on modality availability.

2.3. Gradient Optimization

Gradient-based strategies have been widely employed to
mitigate optimization conflicts in multi-task and multi-
modal learning. GradNorm [4] reweights task-specific gra-
dients to balance magnitudes, while PCGrad [4 1] and Grad-
Vac [35] address direction conflicts through orthogonal pro-
jection techniques. RotoGrad [13] and MGIML [34] extend
this by learning rotation matrices in feature space to align
gradients, with MGIML explicitly modeling modality im-
balance via instance-specific gradient homogenization. In
parallel, Sharpness-Aware Minimization (SAM) [10] im-
proves generalization by minimizing the worst-case loss via
one-step adversarial perturbation, encouraging convergence
to flat minima. However, SAM’s approximation becomes
less reliable in highly non-linear landscapes. To address
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Figure 1. Overview of PARACHUTE. Histology and radiology are encoded into modality-specific features. The Dynamic Contextual
Embedding (DCE) captures local cross-modal correlations while handling missing modalities. Cues guide global fusion for survival
prediction. Gradient Curvature Steering (GCS) refines learning by prioritizing informative regions and mitigating noisy-incomplete signals.

this, CR-SAM [38] introduces a normalized Hessian trace
as aregularizer, enabling explicit curvature-aware control of
the optimization dynamics. While these methods focus on
resolving gradient conflicts or enforcing smoothness post
hoc, they neglect the local loss landscape geometry during
training, especially in incomplete modality conditions.

3. Methods

3.1. Overview

The overall PARACHUTE architecture (Figure 1) processes
radiology and pathology inputs via foundation models to
extract modality-specific features. Biologically grounded
local cross-modal correlations are captured by the Local
Cross-Correlation Embedding (LocXEmb) module through
Top-k token similarity, and refined by the Dynamic Contex-
tual Embedding (DCE) module, which introduces a learn-
able missing modality token and interaction-specific local
context for guided cross-attention. A Multi-Head Cross-
Attention (MHCA) fusion module integrates the features,
and Gradient Curvature Steering (GCS) stabilizes training
by favoring low-curvature regions under missing modality
conditions. The fused representation informs survival risk
prediction via complementary local and global cues.

3.2. Problem Formulation

We address the task of time-to-event prediction in the pres-
ence of right-censored data, a common scenario in clinical
survival analysis. The objective is to estimate the prob-
ability that a k-th patient will experience an event (e.g.,
death or recurrence) beyond a given time point. We model
the survival function as S*)(t) = P(T > t|I(k)) and
the hazard function as h¥)(t) = P(T = ¢|T > t,1%)
where the patient-specific input tuple is defined as 1k =
(R®), {H®) (k) (k) Here, R*) and H*) represent ra-
diology and histopathology-derived features, respectively;
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c®) € {0,1} is the censorship indicator (I = event ob-
served, 0 = censored); and t(k) € R+ denotes the observed
survival time. We learn a representation f( 1)) to esti-
mate the survival outcome and optimize the survival loss
N
Loy = Loury ({f(l(k)), 1) C(k)}lc ” ), where Np is the
=1

number of training samples.

3.3. Feature Construction

3.3.1. Radiological Features Preparation

Radiological data are provided as 3D volumetric scans com-
posed of sequential 2D slices. We denote the radiological
volume as RF = {rl(k) M for the k-th patient, where N is
the number of axial slices and each rl(k) € RFXW represents
a 2D image. Each slice is independently processed by a pre-
trained radiology encoder ¢,.(-), implemented via MedIm-

agelnsight [5], to obtain a set of per-slice feature vectors:

k
X0 = {g,(r{")1s = {a},af, - 2k}, ok e R,
1
where d, denotes each slice-level embedding dimension.
This set of features retains spatial context along the
superior-inferior axis of the body and serves as the radio-

logical input to the cross-modal survival model.

3.3.2. Pathological Features Preparation

Given the WSI P for the k-th patient, we extract tissue-
containing image patches {pgk) ;Vil at 20x magnification.
These patches are processed using TITAN [7], implemented
with the CONCHv1.5 [19] architecture, which acts as a pre-
trained encoder ¢,(-). TITAN embeds patch-level features
into a slide representation. The resulting histopathological
embedding is denoted:

Y® =6, ({(p{"1M)) € R%, @)



where d,, is final slide-level feature dimension. This repre-
sentation captures both local cellular morphology and spa-
tially distributed tissue context, providing a strong patho-
logical signal for survival modeling.

3.4. Local-to-global Cross-Modal Chute
3.4.1. Local Cross-Correlation Embedding

To capture fine-grained interactions between radiological
and histopathological patterns, we introduce a Local Cross-
Correlation Embedding (LocXEmb) module that projects
features from both modalities into a shared space and ex-
plicitly models localized cross-modal semantic alignment.
Let X € REXTexCr and Y € REXTvXC denote to-
kenized radiology and histopathology features for a batch
of B patients. Here, T, and T}, represent the number of
spatially localized tokens (e.g., radiology volume or histo-
logical slices), and C indicates channel dimensionality. We
first standardize the representations via modality-specific
semantic adapters that map raw features to a common in-
termediate embedding space of dimension D, ter:

W = ¢X(X) c RBXTXXD;me,’

B = 6,(Y) € RBXT* D ®
In particular, the adapter ¢x comprises two convolutional
blocks (kernel size 3, stride 1) with ReLU, dropout, and
batch normalization, followed by adaptive average pooling
and flattening to produce a fixed-size representation. In con-
trast, ¢y is a residual Multi Layer Perceptron (MLP) with
stacked linear layers, GELU activations, dropout, and layer
normalization. Given the adapted features, we define the
local cross-modal similTarity matrix for each patient b as:
SO = px.®). ﬁ“(b)) where S ,(b) quantifies the simi-
larity between the x-th radiological and the y-th histological
token for patient b, with all h tokens ly-normalized to ensure
valid similarity computation. The similarity matrix S
captures the degree of affinity of localized semantic contexts
that usually reflect biologically plausible interactions, such
as tumor-stroma boundaries in histopathology correspond-
ing to peritumoral edema or vascular encasement in radiol-
ogy. To distill this matrix into an interpretable descriptor,
we compute statistics over the top-bottom similarities as:

k+
p, 0 = é Zl Top-k (S©)

p.®) = k;i ZTop-k, (S(b)) .

— j=1 J

“4)

where Top-k, and Top-k_ operate on the flattened ma-
trix S® e RT=Tv. These statistics form the () =
[P, P.®] 2D signal which quantifies the local cross-
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modal agreement and divergence for each patient. The for-
mulation handles missing modalities by marginalizing sim-
ilarity scores with learned modality priors.

3.4.2. Dynamic Contextual Embedding

To inject relational inductive bias into the fusion process,
we propose a Dynamic Contextual Embedding (DCE) mod-
ule that encodes local cross-modal similarity and adapts
to missing modality conditions. In particular, the v(*) 2D
correlation signal, concatenation between the Top-k and
Top-k_ local similarities, is first projected via an MLP
to obtain a dynamic embedding egy,(b) = MLP(y®),
where eqyy, € REX1Jam with fy,, = 64. Afterwards, a
missingness indicator m(b) = —(m4(b) A my (b)), where
my(b) and m,, (b) are the availability flags for radiology and
histopathology, is defined to adapt eq,,, to the presence of
missing modalities. The resulting embedding e(b) € R¢
serves as a dynamic contextual signal that captures sample-
specific local alignment and encodes missing-modality-
aware adjustment via a learned token t,,;55 € R%:

E(b) = 6dyn(b) + m(b) * Tmiss

5
CMLP(PL PO £ m(b) b

The final dynamic embedding e(b) € REX1*fam yith
faim = 64 can be injected into any attention-based fu-
sion mechanism (i.e. self-attention, cross-attention, or co-
attention) by modifying the value tensor as V = V + e(i).
To exemplify, given standard attention: Attn(Q,K,V) =

softmax (Q—KT

Nz ) V' the value stream can be biased with
our DCE as:

Attnpias(Q, K, V) = softmaz (QKT> (V+e(b)). (6)
Vd
This formulation enables local-to-global bias transfer,
where local relational cues across modalities learned from
cross-modal contextual similarity guide the global fusion
process. Crucially, it preserves semantic guidance under
missing modalities, as e(b) adapts to available inputs.

3.4.3. Global Cross Attention Module

Building on the formulation above, we integrate the dy-
namic contextual bias e(b) into a hierarchical Multi-Head
Cross Attention (MHCA) fusion module to model inter-
dependencies between radiology and histopathology at a
global semantic level.

Each attention block follows the standard Transformer
formulation in Equation (6), with Q = XW® K
YWE V = ZWV WKV ¢ R4¥4 The three MHCA
blocks thus arise directly from the inherent Q/K/V decom-
position of the Transformer, not ad-hoc design choices,
while the attention mechanism value V biased with e(b)
serves as a learned, sample-specific local alignment sig-
nal Attngqs(Q, K, f/). The attention mechanism result



is then passed through residual and normalization lay-
ers H = LayerNorm(X + Attnpias(Q, K, f/) and af-
terwards, through a position-wise Feed-Forward Network
(FFN) with skip connections and normalization to obtain
the final features: h°“* = Layer Norm(H,FFN(H)). In
our scenario, we instantiate three parallel attention blocks to
capture different asymmetric interactions between modali-
ties and a fourth to fuse and refine them incorporating the
contextual bias via residual connection:

fv = MHCA; (A", h¥, h* + hY),

fi = MHCA,(h® h¥, hY), ;

fo = MHCAg(hY, h® %), 2
(

frusea = MHCA4(fq, fK7fV +e(b)).

This hierarchical strategy allows the model to gradually
synthesize asymmetric local cues into a unified global rep-
resentation, with the DCE guiding attention across both
complete and incomplete modality settings. If a modality
is missing, modality-specific learned tokens are substituted,
ensuring stable fusion behavior regardless of input com-
pleteness. MHCA internals are detailed in Supplemental.

3.5. Survival Prediction and Gradient Steering
Mechanism

The final fused representation fryseq € RY is passed to
a three-layer MLP, denoted as the hazard network gy, to
estimate the log-risk score hy = 99 (ffusea) for patient b.
Training minimizes the Cox partial negative log-likelihood:

®)

fCox = T xT_ Z&) hb 1Og Z

Jitj >ty

where each patient is described by a tuple (¢, 0p, p,) With
tp the observed time, 6, € {0, 1} the event indicator (1 if
event, 0 if right-censored), and z; the multimodal features.
Right-censoring is thus explicitly handled via d;: censored
samples do not contribute to the numerator but remain in the
denominator risk sets, ensuring robust learning from both
censored and observed data while modeling relative risk or-
dering across the cohort.

To improve generalization and avoid sharp minima,
we introduce Gradient Curvature Steering (GCS), inspired
by SAM but distinct from SAM/CR-SAM and gradient-
conflict methods. While SAM/CR-SAM perturb parameters
to penalize sharp optima, and RotoGrad/PCGrad orthogo-
nalize or rotate task gradients, GCS steers feature-level gra-
dients using per-sample curvature, gradient magnitude, and
modality completeness. For each patient b, the feature-level
gradient and curvature estimate are given by:

9y T5—9y (=Tb)
2e

9o =V fonay Leoxs b R

9

, Tp ~ Rademacher,
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Algorithm 1 Gradient Curvature Steering (GCS)

Require: Mini-batch B = {(fbw tb,éb,mb)}b B
parameters 6 (fusion encoder), ¥ (hazard net)
Ensure: Updated 6,9

1: Forward: f, « FUSION(flfw),flfy),mb); hy <+
HAZARDNET( f3)
2: Compute Cox loss: Lcox =
b% (hb —log) it >, ehj)
3: Curvature steering: g, < Vj,Lcox; ¢ ~ (g, b —

gy (=73))/(2€) wp = o(arcy + azllgs|| + azmy + )
G+ (1 —wp)gp +wign/ (1 + ~cp)

4: Backward: Update 6 with g, and 9 with Lcox

5. Step: Apply optimizer update on 6,

with ¢, approximating local curvature via Hutchinson’s
method. A controller combines curvature, gradient norm,
and missing-modality flag into a gating weight wy
o(aicy + azl|gvll2 + asmyp + ¢) yielding the steered gra-
dient

gy =(1—we)gp +wp - 72 (10)
Algorithm 1 describes how the optimization is performed
via two-step backward pass ensuring curvature-regularized
updates for the fusion encoder while keeping risk estimation

unbiased. Full pseudocode in the Supplemental.

3.6. Datasets and Settings

Datasets and Evaluation. We evaluate our method on
three publicly available cancer datasets from the Clinical
Proteomic Tumor Analysis Consortium (CPTAC)” and The
Cancer Genome Atlas (TCGA)®: CPTAC-PDA (Pancreatic
Ductal Adenocarcinoma), CPTAC-UCEC (Uterine Cor-
pus Endometrial Carcinoma), and the combined CPTAC-
CCRCC and TCGA-KIRC (via MMIST-ccRCC [24]) for
Clear Cell Renal Cell Carcinoma. Each dataset undergoes
5-fold cross-validation. Performance is measured using the
concordance index (C-index), with patient stratification as-
sessed via Kaplan—Meier survival curves [16] and the Log-
rank test [22].

Implementation. For each WSI, we use the
Transformer-based TITAN [7] image encoder as the pathol-
ogy backbone, and the MedImagelnsight [5] model for ra-
diology. Each MHCA block employs four attention heads
with pre-LayerNorm applied to both attention and MLP
modules, following standard Transformer design. Models
are trained with AdamW and a cosine annealing learning
rate schedule. Further implementation and hyperparameter
details are provided in the Supplemental.

zh"p“ ://proteomic.datacommons.cancer.gov/pdc/

3h“pq ://portal.gdc.cancer.gov/



Table 1. C-index comparison (¢ £ o) with state-of-the-art methods across three cancer datasets. The multimodal panels show results for
models using individual and combined modalities, respectively. (**) and (*) indicate 0.001 and 0.05 p-values significant difference.

- CPTAC-PDA CPTAC-UCEC MMIST-ccRCC
Method Multimodal Rad. Path. Rad. Path. Rad. Path.
CoxPH x 0.6895-40.02377 07743005395 0.6251£005695% 0.696200558%%  04677H0.0843+ 0.6443+0.0945+
RankSVMs x 0.7026+0.0226**  0.7238+0.0618* 0.751740.0237%*%  0.712840.0435%* 0.592740.0721%%  0.6636+0.0853%*
RSF X 0.7523+0.0294 0.72424+0.0717% 0.7640-+0.0348**  (.7183+0.0416%* 0.6137+0.0865%*  0.6564+0.0628%*
GBoost X 0.719240.0526%*  0.7310+0.0825%* 0.7936+0.0365%*  0.7312+0.0337%* 0.6296-+0.0752* 0.6644+0.0861%*
PARACHUTE x 0781340.1268  0.7001+0.0623 0.818240.0643  0.7773£0.0495 0.636740.1858 0597901536
Method Multimodal Full Full Full

CoxPH v 0.6114+0.0674%* 0.4975+0.0231%* 0.5653+0.1898%*
Md4Survive [18] v 0.5851+0.1188%* 0.6831+0.1517%* 0.6863+0.1021%*

Pathomic Fusion [3] v 0.571240.0812%* 0.6812+0.1027%* 0.6611+0.0742%*
CA-MLIF [1] v 0.724240.0931%* 0.7006+0.0981%* 0.5549+0.0461%*

SMuRF [31] v 0.7225+0.0627+* 0.7213£0.0712%* 0.6767+0.1094+*
PARACHUTE v 0.78480.1041 0.8367-0.0805 0.7323-0.1106

Table 2. C-index comparison (¢ £ o) with state-of-the-art methods under missing modality conditions across three cancer datasets. The
missing ratio panels indicate different missing modality percentages. (**) and (*) indicate 0.001 and 0.05 p-values significant difference.

Missing Ratio 0% 5% 15% 30%

Modalities Full Rad. Path. Mixed Rad. Path. Mixed Rad. Path. Mixed
CPTAC-PDA Dataset

CoxPH 0.611440.0674** 0.551140.0835%*  0.5965+0.0920%*  0.5892-+0.0950%* 0.577740.1122%*%  0.5910+0.0732%*  0.6137+0.0664** 0.58204:0.1384**  0.5786+0.1336%*  0.6081+0.1110%
DRIM [30] 0.672040.0840%+* 0.672740.0948+*  0.6696+0.0881%*  0.674240.0898** 0.690440.0877+*  0.7081+0.1037**  0.6983+0.0525 0.620140.0716%  0.6072+0.0760**  0.6967+0.0644**
AttentionMOI [26] 0.692340.0816+* 0.661240.0817**  0.68120.0718**  0.692840.0812+* 0.701240.0682**  0.7822+0.0927**  0.672140.0626* 0.622140.0639*  0.6426+0.0726**  0.6028+0.0352*
MMD [6] 0.711240.0812%* 0.721940.0561**  0.7317£0.0517**  0.7113£0.8131** 0.691240.0316%*  0.6816+0.0552**  0.67131+0.0651%* 0.611240.0416%*  0.6317+0.0612**  0.5818+0.0581%*
ShaSpec [33] 0.73154:0.0332%* 0.741840.0233%*  0.73194£0.0247**  0.741940.0518%** 0.722940.0319* 0.692940.0423**  0.680640.0723* 0.622840.0213**  (.652840.0428* 0.6139+0.0212*
PARACHUTE 0.7848+0.1041 0.8006+-0.0949 0.7828+0.1237 0.7676+0.1315 0.73354+0.1398 0.7381+0.1146 0.6871+0.1074 0.632440.0585 0.6630+0.0622 0.6196-£0.0485
CPTAC-UCEC Dataset

CoxPH 0.497540.0231+* 0.539740.1585%*  0.5226+0.1356%*  0.534740.1410%* 0.6084+0.1505%*  0.575040.1710%* 0.496840.0866%*  0.5142+0.0969**  0.4793+0.0551**
DRIM [30] 0.697240.0253+* 0.669540.0414%%  0.68320.0290%*  0.696640.0242+* 0.674840.0504**  0.6836+0.0432%*  0.686140.0483** 0.692040.0281#*  0.7115+0.0278**  0.7123+£0.0253**
AttentionMOI [26] 0.703340.0137** 0.685240.0526**  0.6912+0.0317**  0.705240.0313%* 0.671240.0416%*  0.6917+0.0516%*  0.6812+0.0312%* 0.701240.0311%*  0.7012+0.0452**  0.7056+0.0359**
MMD [6] 0.72324:0.0518%** 0.701340.0734**  0.6937+£0.0719**  0.7134+0.0328%* 0.684240.0713**  0.7013£0.0617**  0.671240.0513** 0.683240.0563**  0.701940.0631**  0.6937+0.0613%*
ShaSpec [33] 0.753640.0417+* 0.731240.0429%*  0.742240.0518%*  0.751240.0431%* 0.698740.0617#*  0.73124+0.0512%*  0.712840.0311%* 0.73134£0.0313%*  0.761140.0612%*  0.701240.0756%*
PARACHUTE 0.8367-40.0805 0.7865-40.0986 0.8020-£0.0952 0.827340.0842 0.7546+0.0366 0.7974+0.0481 0.7588-0.0492 0.7647+0.1168 0.7947+0.0770 0.7488-:0.0839
MMIST-ccRCC Dataset

CoxPH 0.565340.1898* 0.490740.1158%*  0.4845+0.1907**  0.465140.1515%* 0.476740.1250%*  0.5307+0.1770%*  0.410340.1371%* 0.489440.1725%*  0.5436+0.1821*%  0.5805+0.1641%*
DRIM [30] 0.698540.0451+* 0.611340.0451%*  0.6524+0.0760**  0.624440.0515%* 0.711340.0451%%  0.6746:0.0941%*  0.698540.0451* 0.614440.0563**  0.6078+0.0636**  0.6149+0.0622**
AttentionMOI [26] 0.624340.0626%* 0.613240.0861**  0.5867+£0.0710%*  0.6001£0.0751%** 0.57774£0.0757**  0.612940.0600%*  0.5927+0.0733** 0.600140.0743%*  0.561040.0826%*  0.5987+0.0712%*
MMD [6] 0.707240.0528+* 0.680140.0791* 0.6701£0.0749*  0.6820+0.0728 0.690340.0623**  0.67110.0801**  0.6763+0.0688%* 0.625540.0729* 0.716340.0891%*  0.6302+0.0744%*
ShaSpec [33] 0.723440.0626%* 0.682240.0518 0.6707+£0.0720%  0.6734-0.0810* 0.69694+0.0719%*  0.6826+0.0836%*  0.7044+0.0791* 0.613740.0908**  0.647140.0822%*  0.6399+0.0854*
PARACHUTE 0.7436+0.0721 0.6830-+-0.0840 0.6862-:0.0901 0.6855+0.0934 0.7131+0.0957 0.7093+0.1179 0.7160+0.0886 0.6370+0.0706 0.745440.1043 0.6485-+0.0909

4. Experiments

4.1. Comparison with State-Of-The-Art

To evaluate our model under both complete and incom-
plete modality settings, we compare against state-of-the-
art unimodal and multimodal survival prediction methods.
Unimodal baselines include linear Cox Proportional Haz-
ards model (CoxPH), Support Vector Machine for Ranking
(RankSVM), Random Survival Forests (RSF), and Gradient
Boosted Models (GBoost), applied separately to radiology
and histopathology features from the same pretrained foun-
dation models. Multimodal baselines include SMuRF [31],
M4Survive [18], Pathomic Fusion [3], and CA-MLIF [1].
For missing modality scenarios, we benchmark against: (i)
reconstruction-based methods like MMD [6] (mean fusion
with reconstruction loss); (ii) disentanglement-based meth-
ods such as DRIM [30] and ShaSpec [33], which decom-
pose embeddings into modality-specific and shared com-
ponents; and (iii) static fusion methods like Attention-
MOI [26], which applies attention-based integration on de-
noised features. All models use identical pretrained fea-
tures to ensure fair comparison across fusion and modality-
missing settings and a paired ¢-test for statistical analysis.
Compared with Unimodal Models. Table | highlights
the consistent benefit of integrating radiology and histol-
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ogy, as our method notably achieves superior performance
compared to models using only radiology or histopathol-
ogy data on all the datasets. In particular, we demonstrate
multimodal uplift over the 5.38% strongest pathology-only
model for PDA, and over the best radiology-based ap-
proaches by 4.31% and 10.27% in UCEC and CCRCC re-
spectively, emphasizing the strength of cross-modal fusion.

Compared with Multimodal Models. As shown in
Table |, PARACHUTE consistently outperforms all multi-
modal baselines across the selected cancer datasets, achiev-
ing gains up to 11.54%-13.61% in UCEC over the strongest
SMuRF and CA-MLIF multimodal competitors. These re-
sults highlight the model’s ability to translate fine-grained
cross-modal cues, such as spatially localized patterns in
histopathology and radiology, into globally predictive rep-
resentations. In PDA, PARACHUTE leverages local features
like abrupt ductal cutoff and stromal desmoplasia to resolve
ambiguous global tumor boundaries, resulting in a 6.06%
improvement over CA-MLIF leading method. For UCEC,
it effectively fuses heterogeneous histological textures with
organ-level radiological features. In CCRCC, where mul-
timodal signatures are highly variable, the dynamic em-
bedding adapts to cross-scale inconsistencies, yielding a
4.60% gain over M4Survive best baseline. In addition, un-
like naive concatenation or other static fusion strategies,
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Table 3. Ablation study under complete and missing modality sce-
narios across the PDA, UCEC and CCRCC cohorts. (*¥*) and (*)
indicate 0.001 and 0.05 p-values significant difference.

Components Missing Ratio
DCE GCS 0% 5% 15% 30%
CPTAC-PDA Dataset
X X 0.77994+0.0960*  0.731140.0819%*  0.654340.085! 0.572140.0637**
X ' 0.76481+0.0872*%*  0.741940.0729%*  0.6410+0.083. 0.593640.0623**
v X 0.78224-0.0845 0.745340.0873**  0.662940.0745**  0.6123+0.0562
v v 0.7848+0.1041 0.7676+0.1315 0.6871+0.1074 0.6196+0.0485
CPTAC-UCEC Dataset
X X 0.7569+0.0288**  0.676540.0678**  0.6801+£0.0654**  0.6779+0.0426%*
X v 0.7667+0.0406%*  0.68774+0.0575%%  0.6890+0.0484**  0.675340.0633**
v X 0.7788+0.0718**  0.781540.0551**  0.7609+0.0492%  0.7556+0.0754**
v v 0.8367+0.0805 0.80531-0.0463 0.77031-0.0446 0.7694+0.0926
MMIST-ccRCC Dataset
X X 0.6448+0.1721*%*%  0.651240.1046**  0.6330£0.1022%*  0.6136+0.1089**
x v 0.6543+0.1757%*  0.6590£0.1093%*  0.6261-£0.1006**  0.6292-0.0999**
v X 0.58834+0.1962%*  0.6799+0.1179*  0.6832+0.1026**  0.7006+0.0847*
v v 0.74361-0.0721 0.68551-0.0934 0.71601-0.0886 0.64854-0.0909

PARACHUTE’s local-to-global bias transfer adapts to the
joint presence of high-dimensional inputs, mitigating over-
fitting. DCE limits over-reliance on modality-specific noise
by reducing effective capacity, akin to attention dropout,
while GCS promotes generalization through loss landscape
smoothing, even under complete input conditions.
Compared with Baseline Models for Missing Modal-
ity. PARACHUTE achieves state-of-the-art performance un-
der all missingness scenarios, with substantial gains par-
ticularly in PDA and UCEC (Table 2). Notably, in PDA,
PARACHUTE obtains a C-index of 0.8006 even when ra-
diology is missing (5%), outperforming the full-modality
baseline (0.7848) and all competing methods. This coun-
terintuitive improvement highlights modality dominance in
PDA, where histopathology conveys most of the prognostic
signal (e.g., stromal desmoplasia), while radiology may in-
ject modality-specific noise (e.g., poor tumor demarcation),
reducing fusion effectiveness in naive baselines. In con-
trast, PARACHUTE’s dynamic contextual embedding and
curvature-aware optimization prevent overfitting to domi-
nant modalities by modulating feature relevance, preserv-
ing robustness even when fusing partially informative in-
puts. In UCEC, where both modalities contribute comple-
mentary but heterogeneous signals, PARACHUTE demon-
strates balanced resilience: it retains a high C-index un-
der 15% missing data (e.g., 0.7974 with missing pathol-
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ogy, outperforming ShaSpec at 0.7312), and sustains 0.8273
under mild 5% mixed dropouts. Overall performance in
UCEC is higher than PDA, reflecting differences in cancer
phenotype: UCEC presents clearer spatial correspondence
between radiology and histology (e.g., endometrial thick-
ening and glandular architecture), enabling more consis-
tent cross-modal alignment and stronger global survival sig-
nals. In CCRCC, where modality contributions vary widely
across patients due to heterogeneous tumor architecture and
inconsistent radiological presentation, PARACHUTE again
proves effective. It achieves a 0% missingness C-index
of 0.7436, benefits from multimodal uplift under partial
dropout (0.7160 with 30% missing), and remains robust
under severe dropout (0.6485 with 30% missing), outper-
forming DRIM and ShaSpec by up to 3.36%. PARACHUTE
adapts to available modalities and fuses only useful cues,
unlike static methods prone to misleading inputs. These re-
sults validate PARACHUTE’s ability to dynamically adjust
to modality presence, and fuse informative cues without be-
ing misled by spurious or dominant inputs, traits that static
and modality-agnostic fusion strategies fail to exhibit under
real-world missingness.

4.2. Ablation Study

To evaluate the individual contributions of the proposed
components, we conduct a series of ablation experiments
by selectively removing the DCE and GCS modules from
the PARACHUTE architecture. As shown in Table 3, re-
moving either DCE or GCS results in consistent perfor-
mance degradation across most ablative levels. For exam-
ple, on the UCEC dataset with 15% missingness, remov-
ing DCE drops the C-index of ~8.13% (0.7703£0.0446 v.s.
0.689040.0484). Similarly, excluding GCS reduces perfor-
mance to 0.7609+0.0492 at the same masking level, again
reflecting a drop of ~0.94%. When both modules are ab-
lated, the impact becomes more pronounced: the C-index at
30% masking falls from 0.769440.0926 to 0.6779+0.0426,
marking a decline of over 9.15%. An exception is ob-
served in the ccRCC dataset, where DCE alone underper-
forms at 0% missingness and GCS slightly lowers perfor-
mance at 30%; however, these effects are dataset-specific
and align with known modality dominance in ccRCC, as the
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full DCE+GCS configuration still yields the strongest over-
all results. These results confirm that DCE and GCS offer
complementary gains: DCE improves cross-modal align-
ment via sample-spatial bias, while GCS stabilizes opti-
mization by smoothing gradients under high missingness.

4.2.1. Component-Specific Analysis

To assess each component’s impact on robustness under
missing data, we report the ablations on the UCEC dataset
as an example (Figure 2), varying backbone encoders, fu-
sion schemes, gradient modulation, and hazard heads.
Radiology Encoders. While MedSAM?2 (Figure 2(b))
marginally outperforms MedImagelnsight (Figure 2(a)) in
the full-data setting (0.8577£0.0621 v.s. 0.8372+0.0810, it
is less resilient under missing data. At 30% masking, Med-
SAM?2 drops to 0.7021+£0.0635, whereas MedImagelnsight
maintains 0.7650£0.1170, emphasizing the importance of
stable feature extraction over peak full-data performance.
Histopathology Encoders. Slide-level WSI encoders
(TITAN, CHIEF, PRISM) outperform patch-based ones
(CONCHV1.5, ResNet50), especially under high missing-
ness. At 30% masking, TITAN reaches 0.7483+0.0515
v.s.  0.6433£0.0463 (CONCHvV1.5) and 0.6373+0.0399
(ResNet50), underscoring the value of slide context. While
CHIEF exceeds TITAN with full data (0.8613+0.0744 v.s.
0.7998+0.0790), its performance drops faster with mask-
ing, confirming TITAN’s robustness as our default encoder.
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Gradient Modulation. Our Gradient Curvature Steer-
ing (GCS) enhances robustness to missing modalities, out-
performing RotoGrad and CR-SAM on CPTAC-UCEC
(Figure 2(c)). It achieves the best C-index with full data
(0.8367+0.0805) and sustains strong performance at 15%
and 30% missingness (0.797410.0482, 0.7947+0.0770).
By smoothing the loss landscape, GCS stabilizes training as
incompleteness rises, proving effective for real-world mul-
timodal survival prediction. Detailed loss morphology anal-
ysis is provided in the Supplemental.

Fusion Mechanism. Our hierarchical MHCA-based
fusion surpasses simpler alternatives (Figure 2(d)). At
15% masking, naive concatenation results in a lower C-
index (0.7400£0.0550), while Kronecker-product fusion
performs slightly better (0.7490+0.0530) but always re-
maining worse than MHCA (0.7550£0.0370). This sug-
gests that attention-based fusion better captures complex
cross-modal relationships than static operators.

Attention Heads. Varying the number of heads in the
MHCA reveals that four heads strike the best trade-off be-
tween capacity and generalization (Figure 2(e)). Reducing
to two results in slightly lower performance at 15% masking
(0.742040.0580), while increasing to eight provides negli-
gible benefits under both complete and partial inputs.

4.3. Patient Stratification

In addition to evaluating prognosis with the concordance
index (C-index), a key goal is patient stratification, sepa-
rating individuals into risk groups with significantly differ-
ent outcomes to guide personalized treatment. In Figure 3,
we assess stratification performance under both complete
and missing-modality settings from Out-Of-Fold (OOF)
risk predictions. Across all three cohorts, our method con-
sistently distinguishes groups with significant survival dif-
ferences, supported by low log-rank p-values adjusted via
Bonferroni correction. We further report statistically sig-
nificant Hazard Ratios (HR) with 95% confidence intervals,
confirming the robustness and clinical relevance.

5. Conclusion

In this paper, we introduce PARACHUTE, a multimodal sur-
vival prediction framework designed to robustly fuse ra-
diology and histopathology through Dynamic Contextual
Embedding (DCE) and Gradient Curvature Steering (GCS).
These components enable the model to align local seman-
tic cues and adapt to incomplete inputs by transferring
modality-aware spatial signals into the global prediction
process. Extensive experiments across three cancer types,
PDA, UCEC, and CCRCC, demonstrate that PARACHUTE
consistently outperforms existing approaches under both
complete and missing modality settings, highlighting its ef-
fectiveness, adaptability, and biological interpretability.
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