MUST: Modality-Specific Representation-Aware Transformer for
Diffusion-Enhanced Survival Prediction with Missing Modality

Supplementary Material

The Supplementary Material provides detailed implemen-
tation settings, training configurations, and additional exper-
imental results.

1. Implementation Details

1.1. Datasets

We evaluate our method on five cancer datasets from The
Cancer Genome Atlas (TCGA): Bladder Urothelial Car-
cinoma (BLCA, N = 347), Breast Invasive Carcinoma
(BRCA, N = 899), Glioblastoma and Low-Grade Glioma
(GBMLGG, N = 546), Lung Adenocarcinoma (LUAD,
N = 415), and Uterine Corpus Endometrial Carcinoma
(UCEC, N = 444). For genomic data, we integrate three
molecular data types: RNA-seq expression profiles, copy
number variations (CNV), and single nucleotide variations
(SNV). Samples with missing values in any of these ge-
nomic modalities are excluded from our study to ensure fair
comparison across methods. Following the cancer hallmarks
framework [2], we organize genes into six biologically mean-
ingful functional groups: Tumor suppression, Oncogenesis,
Protein kinases, Cellular differentiation, Transcription fac-
tors, and Cytokines and growth factors.

1.2. Survival Time Discretization

For the discrete-time survival model described in Sec. 3.1 of
the main paper, we partition the continuous time axis into
K = 4 intervals. The interval boundaries are determined by
ensuring that uncensored samples are distributed uniformly
across bins, with censored samples subsequently assigned
to the appropriate bins based on their observation times.
This binning strategy balances computational efficiency with
sufficient temporal resolution for survival prediction.

1.3. Feature Extraction

For pathological data, we employ the UNI2-h histopathology
foundation model [1] to extract patch-level features from
whole slide images at 20x magnification. Each patch is
encoded into a 1536-dimensional feature vector, which is
then projected to the common embedding dimension of D =
256 through a linear layer. For genomic data, we do not
use pretrained encoders. Instead, each of the six functional
gene groups is processed by a group-specific multi-layer
perceptron (MLP) that learns to encode the corresponding

gene expression patterns into 256-dimensional embeddings.

These genomic token encoders are trained end-to-end as part
of the survival prediction task.

1.4. Architecture Details

As described in Sec. 3 (Method), our framework processes
pathological and genomic tokens differently. For pathologi-
cal tokens P = {p1,...,pN, }, we apply TransMIL [6] with
learnable class tokens to obtain global representations gp,
modality-specific components u p, and cross-attended com-
ponents cp, . For genomic tokens G = {g1,...,9ng}>
we prepend modality-specific class tokens and apply multi-
head self-attention layers to extract gg, ug, and cg p. The
low-rank shared subspace projection P~ = B~ B uses rank
r = 64 as determined by ablation studies in Sec. 4 (Experi-
ments).

2. Training Configurations

2.1. Main Training

Due to the variable number of patches in whole slide images
(ranging from 10K to 200K patches per slide), we set the
batch size to 1 for all experiments. To ensure training stabil-
ity, we employ gradient accumulation with 32 accumulation
steps, effectively simulating a batch size of 32. Our two-
stage progressive training strategy trains Stage 1 (warm-up)
for 30 epochs using only the survival loss with Gaussian
noise injection (o0 = 0.1), followed by Stage 2 (main) for
30 epochs with the full objective including decomposition,
shared consistency, and orthogonality losses. We use the
AdamW optimizer with weight decay 1 x 10~ for both
stages. In Stage 1, we set the learning rate to 1 x 1073,
and in Stage 2, we reduce it to 2 x 10~* to facilitate stable
learning of the algebraic constraints. Loss weights are set
to Agec = 1.0, Aqp = 1.0, and Aoy = 0.5 as specified in the
main paper.

2.2. Latent Diffusion Model Training

After the main network converges, we freeze all encoder and
decomposition parameters and train conditional latent dif-
fusion models [5] to reconstruct missing modality-specific
components. The denoising network is implemented as a 4-
layer transformer architecture operating on 256-dimensional
feature embeddings. We train separate diffusion models for
pathology-specific and genomic-specific component gener-
ation, each trained for 1 million steps using the AdamW
optimizer with learning rate 1 x 10~ and batch size 32.
During inference, we perform 50-step DDIM [7] sampling
to generate missing components. To account for the stochas-
tic nature of the sampling process, we generate 5 samples
per test instance and average the resulting features before
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Figure 1. Hyperparameter sensitivity analysis on the UCEC dataset.
Each loss weight (Adecomp, Ashareds Aortn) 1S varied independently
while keeping others at their default values. P/G denotes complete
data, P/- denotes missing genomics, and -/G denotes missing pathol-

ogy.

feeding them to the prediction head, as described in Sec. 4
(Experiments).

2.3. Comparison Methods

For fair comparison, we implement all baseline methods
following their original papers while adapting them to our
experimental setup. All experiments are conducted with
batch size 1 due to the variable number of patches in whole
slide images. SurvPath [3] is trained for 30 epochs using the
Adam optimizer with learning rate 1 x 1073, CMTA [10]
is trained for 30 epochs using SGD with learning rate 1 X
10~3. For methods handling missing modalities, SMIL [4] is
trained for 50 epochs with Adam optimizer (learning rate 1 x
10~3), M3Care [9] for 30 epochs with Adam (learning rate
1 x 1073), ShaSpec [8] for 30 epochs with Adam (learning
rate 1 x 1073), and LD-CVAE [11] for 30 epochs with
Adam (learning rate 2 x 10~%). All methods are trained
until the training C-index fully converges to ensure optimal
performance.

2.4. Evaluation Protocol

We perform 5-fold cross-validation for all experiments and
report the concordance index (C-index) along with standard
deviations across folds. For each fold, we split the data
at the patient level to ensure no data leakage. Statistical
significance of risk group stratification is assessed using
the log-rank test on Kaplan-Meier survival curves with the
median predicted risk score as the threshold for defining
high-risk and low-risk groups.

3. Additional Experimental Results

3.1. Hyperparameter Sensitivity Analysis

Fig. | evaluates the sensitivity of MUST to the three loss
weights Agec, Ash, and Agnn on the UCEC dataset. Each
weight is varied independently while keeping others at their
default values (Agec = 1.0, Agh = 1.0, Aorn = 0.5).

Lecomp has the most pronounced effect: setting Agec = 0
causes severe degradation across all scenarios, as the alge-

braic decomposition structure breaks down entirely. With
non-zero values, performance stabilizes rapidly, confirming
that the decomposition constraint is essential but not sen-
sitive to precise tuning. Lghared primarily affects missing
modality scenarios: removing it (Aq, = 0) leads to sub-
stantial drops under missing genomics and missing pathol-
ogy, since cross-modal recovery relies on aligned shared
components. Complete-data performance remains largely
unaffected, as the shared component is not directly used
during complete-data inference. L,y shows the gentlest
effect: even at Aoy = 0, performance degrades only mod-
erately, though with notable modality collapse where cross-
modal recovery becomes less reliable. Our selected values
(Adec = 1.0, Aqh = 1.0, Aorn = 0.5) balance complete-data
performance with missing-modality robustness across all
three loss terms.

3.2. Training-Time Missingness

While MUST is primarily designed for paired train-
ing with complete modalities, its architectural struc-
ture—decomposing representations into shared and
modality-specific components—naturally suggests a
pathway for handling training-time missingness as well.
Specifically, the shared consistency constraint (Lghareq)
aligns shared components across modalities, meaning that
even when one modality is absent during training, the
available modality’s shared component can still provide
a meaningful surrogate for cross-modal recovery. This
structural property motivates us to explore whether MUST
can be adapted to scenarios where complete pairs are not
always available.

To evaluate this, we conduct experiments on the UCEC
dataset by varying the proportion of unpaired samples (20%
and 50% missing rate). For unpaired data, we substitute
zero-tensors for the missing modality-specific component
4 and apply only the survival loss L., While training the
LDM with the available ¢ as a surrogate condition.

Table 1. Training-time missingness evaluation on UCEC. Values
show C-index without — with LDM-based inference.

Missing Rate ‘ Missing G Missing P
0% (baseline) 0.755 0.748
20% 0.716 — 0.735  0.606 — 0.724
50% 0.713 — 0.724  0.601 — 0.716

Tab. | shows that MUST remains robust under training-
time missingness, and the performance gain when replacing
zero-tensors with LDM-sampled residuals at inference con-
firms that L.eq effectively aligns shared components for
cross-modal recovery even with incomplete training pairs.
While our framework prioritizes paired training to establish
strict algebraic constraints, these results demonstrate practi-



cal adaptability to realistic clinical scenarios where complete
data may not always be available during model development.

3.3. Kaplan-Meier Survival Analysis

To provide comprehensive validation of our method’s robust-
ness under missing modality scenarios, we present detailed
Kaplan-Meier survival curves comparing MUST against rep-
resentative baseline methods: ShaSpec [8] and SMIL [4].
We focus on these two methods as LD-CVAE [11]’s unidirec-
tional architecture only supports missing genomics scenarios.
We stratify patients into high-risk and low-risk groups at the
median predicted risk score and assess statistical significance
using the log-rank test across all five TCGA datasets.

When both modalities are available as shown in Fig. 2,
all three methods achieve statistically significant risk strati-
fication (p < 0.05) across all datasets, demonstrating com-
parable discriminative power. The clear separation between
high-risk and low-risk groups indicates that all methods ef-
fectively learn prognostic patterns when full multimodal
information is available.

When genomic data is unavailable as shown in Fig. 3, sub-
stantial differences in robustness emerge. MUST maintains
statistically significant stratification across all five datasets,
demonstrating effective reconstruction of missing genomic-
specific components. In contrast, both baselines show no-
table deterioration. ShaSpec loses statistical significance
on BRCA (p = 1.338e-01) and LUAD (p = 2.762e-01),
indicating weakened discriminative capability. SMIL ex-
hibits severe vulnerability, failing to maintain significance
on BLCA (p = 6.266e-01), BRCA (p = 1.111e-01), and
LUAD (p = 8.771e-01). This catastrophic degradation con-
firms that alignment-based implicit imputation cannot ade-
quately compensate for missing information without explicit
modeling of modality-specific structures.

In Fig. 4, MUST continues to exhibit remarkable robust-
ness when pathological images are missing, maintaining sta-
tistically significant stratification across all datasets with min-
imal degradation from complete data performance. This val-
idates that our diffusion-based reconstruction of pathology-
specific components preserves essential prognostic informa-
tion. ShaSpec also maintains statistical significance across
all datasets in this scenario, though with moderate per-
formance degradation compared to MUST. SMIL shows
intermediate vulnerability, losing significance on UCEC
(p = 1.475e-01) while maintaining significance on other
datasets.

3.4. Decomposition Analysis

Fig. 5 presents pairwise cosine similarities between global
representations and their algebraic decompositions across all
five datasets. The analysis validates that our decomposition
successfully reconstructs the original global representations
while maintaining their semantic structure.

The key validation comes from comparing global repre-
sentations with their decomposed counterparts. For pathol-
ogy, the decomposition achieves high reconstruction fidelity
with cosine similarities ranging from 0.82 (GBMLGG) to
0.94 (BRCA), confirming that gp ~ up + ¢g« p holds with
high precision. For genomics, the reconstruction quality is
similarly high with similarities from 0.80 (GBMLGG) to
0.93 (BLCA), validating that gg =~ g + ¢p—g-

Cross-modality similarities between gp and gg are no-
tably low (0.03-0.31), confirming that the two modalities
capture complementary rather than redundant information.
Similarly, the low similarities between gp and i + ¢pc
(0.14-0.21) and between gg and up + g p (0.06-0.25)
further confirm that modality-specific components retain
distinctive characteristics even after decomposition.

The consistently high reconstruction similarities across
both modalities explain why MUST can maintain robust
performance under missing modality scenarios. When a
modality is missing, the decomposition framework enables
deterministic reconstruction through the algebraic relation:
the shared component can be derived from the available
modality (¢ = Gayailable — Uavailable )> and the missing modality-
specific component is generated via diffusion conditioning
on this shared component.
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Figure 2. Kaplan-Meier survival curves on five different datasets comparing high-risk and low-risk groups across complete scenario. p-values
are computed using the log-rank test. Patients are stratified into high-risk (blue) and low-risk (orange) groups based on predicted risk scores
at the median threshold. Shaded regions represent 95% confidence intervals, and censored observations are indicated by vertical tick marks
on the curves.

(p-value=6.234e-04) (p-value=2.155e-02) (p-value=4.852e-22) (p-value=8.691e-04) (p-value=1.722e-03)
10 10 — Hgnrsk 10 — Hion sk 10 — o ik
= Lowrisk — Lowrisc — Lowrisk
08 o8 o8 08
2
DI 0 o os
02 02 02 02
—_
T % @ @ & w10 o 1 3 T ) 3 E) ES 5 200 3 £ E3 ) ED 250 3 EJ 100 £ £
(p-value=1.077e-03) (p-value=1.338e-01) (p-value=1.580e-18) (p-value=2.762e-01) (p-value=2.546e-06)
10 — wenas | 10 —wenek | 10 — gn e 10 — i risk 10 — o ik
— Lowisk — Lowisk — towrsk — towisk — Lowrisk
o o8 08 08 o8 08
23
3
S o 06 06 o6 06
@z
5
c @
n oE o 04 04 0s 04
02 02 02 02 02
T % @ @ & o e T ) ¢ E) 0 150 3 ) 10 150 ED 250 v % 160 150
(p-value=6.266e-01) (p-value=1.111e-01) (p-value=4.308e-08) (p-value=8.771e-01) (p-value=2.218e-02)
10 — e | 10 10 — ok | 10 10 — Hgnisk
— towrsk — Lowrise — Lowrisk
o8 o8 o8 o8 o8
)
= 06 06 06 o6 06
n
04 04 04 0a 04
02 02 02 02 02
T % W @ % w0 10 3 ) ¢ EJ 10 %0 ES G EJ 10 E3 Ed 50 ] ) 100 ) 200

time (months)

Figure 3. Kaplan-Meier survival curves on five different datasets comparing high-risk and low-risk groups across missing genomics (G)
scenario. p-values are computed using the log-rank test. Patients are stratified into high-risk (blue) and low-risk (orange) groups based on
predicted risk scores at the median threshold. Shaded regions represent 95% confidence intervals, and censored observations are indicated by
vertical tick marks on the curves.
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Figure 4. Kaplan-Meier survival curves on five different datasets comparing high-risk and low-risk groups across missing pathology (P)
scenario. p-values are computed using the log-rank test. Patients are stratified into high-risk (blue) and low-risk (orange) groups based on
predicted risk scores at the median threshold. Shaded regions represent 95% confidence intervals, and censored observations are indicated by
vertical tick marks on the curves.
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Figure 5. Cosine similarity map between g and corresponding composition of @ and ¢ across all five TCGA datasets.
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