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Abstract

Accurate survival prediction is essential for guiding personalized treatment in head and
neck cancer. Heterogeneous biomedical data—from histopathology to clinical and labo-
ratory measurements—offer complementary prognostic value but differ in dimensionality,
reside in incompatible feature spaces, and are frequently missing, making robust multimodal
learning challenging. To address this, We propose HAF (Heterogeneous Aligned Fu-
sion), a three-stage framework for survival prediction under heterogeneous and incomplete
multimodal inputs. HAF (i) uses detached prognostic supervision to obtain stable represen-
tations, (ii) performs lightweight global alignment that projects all modalities into a shared
latent space while preserving patient-level discriminability, and (iii) enforces monotonic ro-
bust fusion that encourages performance to remain stable or improve when modalities are
added. To our knowledge, HAF is the first approach that jointly leverages all seven modal-
ities in the HANCOCK cohort. Extensive comparisons against representative late-fusion,
early-fusion, and attention-based methods demonstrate that HAF consistently improves
both accuracy and robustness under heterogeneous and partially missing modalities.

Keywords: Heterogeneous Aligned Fusion (HAF), multimodal learning, head and neck
cancer, survival prediction, pathology imaging, MIL

1. Introduction

Accurate survival prediction is central to precision oncology, enabling risk-adaptive deci-
sion making for patients with head and neck squamous cell carcinoma (HNSCC) (Tian
et al., 2025). Recent advances allow the integration of multimodal data—ranging from
high-dimensional pathology imaging to structured clinical records. However, effectively
leveraging these heterogeneous modalities is fundamentally challenging due to (i) drastic
differences in dimensionality and noise levels (Wissel et al., 2023), (ii) incompatible represen-
tation spaces that hinder cross-modality integration (Li et al., 2024; Khagi and Kwon, 2020;
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Li and Tang, 2024a), and (iii) inconsistent modality availability in clinical workflows (Pan
et al., 2020; Aly et al., 2023; Wu et al., 2024; Reza et al., 2024). Together, these issues make
it difficult to reliably benefit from informative modalities while preventing noisy or missing
ones from degrading prediction quality.

Existing multimodal systems primarily follow three fusion paradigms. (1) Late fusion (Tian
et al., 2025) aggregates modality-specific risks after independent encoding, limiting the abil-
ity to model cross-modal complementarity. (2) Early fusion (Li and Tang, 2024b) concate-
nates heterogeneous features within a single predictor, causing the joint space to inherit
modality-specific noise and scale disparities. (3) Attention-based fusion (Raza et al., 2025;
Dang et al., 2024) learns cross-modality interactions through token-level attention, yet low-
quality modalities can propagate misleading keys or values, thereby degrading the repre-
sentations of other modalities. Ultimately, none of these paradigms provide a mechanism
to selectively exploit high-quality information while suppressing harmful signals.

To address these challenges, we propose HAF (Heterogeneous Aligned Fusion), which de-
couples representation learning, establishes a shared latent geometry, and enforces reliable
fusion under partial modality settings. (i) Detached prognostic supervision stabilizes pathol-
ogy encoders by decoupling morphological representation learning from downstream fusion
objectives. (ii) Lightweight global alignment (Kamboj and Do, 2025) projects all modalities
into a shared patient-level latent space with low-rank consensus, mitigating incompatibili-
ties among heterogeneous feature domains. (iii) Monotonic robust fusion (Li et al., 2025)
enforces the performance under partial-modality configurations does not exceed that of the
full-modality setting, encouraging the model to rely more heavily on reliable modalities. All
stages incorporate gradient detachment to prevent destructive cross-modality interference
or dominance by any single modality.

We validate HAF on the HANCOCK dataset (Dörrich et al., 2025), which provides an un-
precedented multimodal setting—combining whole-slide imaging (WSI), tissue microarrays
(TMA), and five structured clinical descriptors—capturing complementary aspects of tu-
mor biology. In evaluation, HAF demonstrates stable optimization, improved cross-modality
compatibility, and strong robustness under missing or noisy inputs, outperforming represen-
tative late-, early-, and attention-based baselines. A comprehensive review of multimodal
fusion, alignment, and robustness methods is provided in the Appendix.

Figure 1: Pipeline Overview
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2. Methods

2.1. Multimodal Inputs and Task Definition

We study binary survival prediction on the HANCOCK cohort (Dörrich et al., 2025), where
the task is to predict whether a patient survives (y ∈ 0, 1). Each patient provides up to
seven heterogeneous modalities: WSI and TMA histopathology, TMA-derived cell-density
maps, clinical metadata, pathological staging, blood biomarkers, and ICD diagnostic codes.

2.2. Modality Representations

For WSI, we directly use the 1024-dimensional patch embeddings released by HANCOCK,
which were extracted using the publicly available UNI (Chen et al., 2024) foundation model
for computational pathology. For TMA, since raw core images are provided, we indepen-
dently apply the same UNI model to extract 1024-dimensional embeddings per core. The re-
maining five modalities are compact tabular descriptors: X(m) ∈ Rdm , m ∈ Mtab, dm ≤
51, where Mtab = {Cell, Clin, Path, Blood, ICD}. All tabular features are preprocessed
using min–max normalization, one-hot encoding, and imputation with the most frequent
value, following the preprocessing methods in the HANCOCK dataset.

2.3. Stage 1: Prognostic Pathology Representation Learning

Each pathology modality (WSI or TMA) is represented as a variable-length bag of patch
embeddings H ∈ RN×1024, where N depends on sampled tissue content. We adopt the
gated-attention MIL encoder from CLAM (Lu et al., 2021).

To obtain compact and expressive instance features, each 1024-dimensional patch embed-
ding is first projected using a linear mapping wl ∈ R1024×d1 . Two learnable projection
matrices U, V ∈ Rd1×d2 generate gated-attention features, and a learnable query vector
wa∈Rd2×1 computes instance importance:

a = softmax
([

tanh
(
(Hwl)V

)
⊙ σ

(
(Hwl)U

)]
wa

)
. (1)

The slide-level representation for modality m is obtained by weighted aggregation:

z(m) = (Hwl)
⊤a, (2)

where m ∈ {WSI,TMA} and d2 denotes the attention dimension. Each modality-specific
embedding is supervised using a cross-entropy loss combined with instance-level regulariza-
tion:

L(m)
img = LCE(y, ŷ

(m)) + L(m)
inst. (3)

In our implementation, d1 = 64 and d2 = 32. This stage ensures that high-dimensional
pathology features encode clinically meaningful prognostic cues before interacting with other
modalities. To prevent subsequent multimodal objectives from distorting pathology-specific
semantics, both zWSI and zTMA are detached from gradient flow before Stage 2.
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2.4. Stage 2: Global Aligned Shared Latent Projection

This stage aims to resolve this mismatch by aligning all modalities toward a shared disease-
relevant direction. To achieve this, We first project each modality into a common latent
space using small MLPs, then apply global alignment losses to encourage their convergence
onto a unified consensus signal. This yields a coherent multimodal representation that
amplifies high-quality modalities while suppressing noisy or weak ones.

2.4.1. Latent Projection into a Shared Space

To place all modalities on a comparable footing, each modality-specific embedding z(m) is
mapped into a shared latent space through a lightweight two-layer MLP: u(m) = ϕ(m)(z(m)) ∈
Rdout , m ∈ M, where M = {WSI,TMA,Clin,Path,Blood, ICD,Cell} and dout = 128.

2.4.2. Global Alignment via Singular Value Decomposition

Singular value decomposition (SVD) decomposes a set of vectors into orthogonal directions
ordered by how much signal the data concentrate along each direction. The largest singular
value σ1 corresponds to the dominant component shared across vectors, while smaller sin-
gular values capture weaker signals. In our setting, if modalities project toward a common
disease-related direction, most information accumulates in this dominant component (large
σ1), and the remaining components become comparatively weak (small σ2, . . . , σk).

Inspired by principled alignment (Liu et al., 2025), we leverage this property by encourag-
ing all projected modality embeddings to concentrate their variation along the dominant
component of the patient-specific matrix U = [u(1), . . . , u(M)] ∈ Rdout×M . Formally, SVD
decomposes U into U = QΣR⊤, where Q = [q1, q2, . . . , qk] ∈ Rdout×k contains orthonormal
left singular vectors, and Σ = diag(σ1, σ2, . . . , σk), k = min(dout,M) stores the singular val-
ues in descending order. stores the singular values in descending order. Here, σ1 quantifies
the strength of the dominant shared component across modalities, and q1 is the corre-
sponding direction in the latent space. When σ1 ≫ σ2, . . . , σk, the decomposition becomes
approximately rank-1, meaning that all modality embeddings align along q1 and express a
common latent signal. To enforce this behavior, we introduce two complementary losses.
First, the singular emphasis loss increases the dominance of σ1, promoting alignment of all
modalities toward the shared component:

LSV = − log
exp(σ1/τ)∑k
j=1 exp(σj/τ)

(4)

Second, during this alignment process, different patients could collapse to the same direc-
tion. To retain patient-level distinction, we introduce a dominant-direction discriminability
loss that separates patients based on their dominant singular vectors:

LPD = − 1

B

B∑
i=1

log
exp((q

(i)
1 )⊤q

(i)
1 /τ)∑B

j=1 exp((q
(i)
1 )⊤q

(j)
1 /τ)

(5)
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The total alignment objective is

LGA = LSV + λPDLPD (6)

In our experiments, we set the patient-discriminability weight to λPD = 0.01, which balances
alignment strength and inter-patient separation.

2.5. Stage 3: Fusion with Robust Modality Collaboration

We perform fused multimodal prediction using the aligned features from Stage 2. For each
patient, let {u(m)}m∈M denote the aligned modality embeddings and Mobs ⊆ M the set of
modalities observed for that patient. We construct a fused representation by concatenating
the available modalities:

h = concat
(
{u(m)}m∈Mobs

)
, (7)

and obtain a scalar prediction using a shared fusion MLP,

s = ϕ(h), ŷ = σ(s), (8)

where σ(·) is the sigmoid function.

Random-modality training. To ensure robustness under missing or unreliable modal-
ities, we adopt random-modality masking (Li et al., 2025). At each iteration, we randomly
mask a subset of modalities to obtain a reduced-modality representation h− and its predic-
tion ŷ−, alongside the full-modality prediction ŷ+. This encourages the model to rely on
informative modalities while remaining stable when others are absent.

Monotonic collaboration constraint. To guarantee that incorporating more modali-
ties never degrades performance, we impose a monotonicity loss:

LMoFe = max
(
ℓ(ŷ+, y)− ℓ(ŷ−, y), 0

)
, (9)

which penalizes cases where the full-modality prediction is worse than that of a reduced
subset.

Fusion objective. The final fusion loss combines full-modality supervision, reduced-
modality supervision, and the monotonicity constraint:

Lfusion = ℓ(ŷ+, y) + ℓ(ŷ−, y) + λMoFe LMoFe. (10)

where we set λMoFe = 0.1 in our experiments. The full objective therefore enforces consis-
tency across complete and reduced-modality inputs, while the monotonicity term prevents
prediction reversals under modality removal. We found this combination to yield stable
optimization and improved robustness in practice.

5



Zheng Guo Hu Miao Ma Gao Huang

2.6. Overall Training Objective

The full HAF objective integrates the three stages through four loss blocks:

Ltotal = LWSI + LTMA︸ ︷︷ ︸
Stage 1

+ LGA︸︷︷︸
Stage 2

+Lfusion︸ ︷︷ ︸
Stage 3

. (11)

Here, LWSI and LTMA include LCE and instance-level regularization terms as defined in
Eq. (3). The global alignment loss LGA applied Eq. (6). The fusion objective Lfusion follows
Eq. (10). Crucially, the outputs of each stage are detached before being passed to the next
stage. This stage-wise decoupling prevents conflicting gradients from dominating weaker
modalities and ensures that each learning objective, which are (i) pathology semantics, (ii)
cross-modality compatibility, and (iii) robustness to missing data.

3. Experiments

3.1. Experimental Setup

We evaluate HAF on the HANCOCK head and neck cancer cohort (Dörrich et al., 2025)
under a binary survival prediction setting, where the task is to predict whether a patient
experiences an event within a fixed follow-up window (y ∈ {0, 1}). We follow the official
preprocessing for tabular modalities, including min–max normalization, one-hot encoding,
and imputation with the most frequent value. For WSI and TMA histopathology, we use
the 1024-dimensional UNI (Chen et al., 2024) patch embeddings released by HANCOCK
and apply the same UNI encoder to raw TMA cores, respectively.

We adopt stratified 10-fold cross-validation at the patient level and report mean Accuracy
and AUC over test folds. All models are trained with Adam (learning rate 10−4, weight
decay 10−5) for up to 200 epochs with batch size 64, using a ReduceLROnPlateau scheduler
(patience 15, factor 0.5) and early stopping based on validation performance. Unless oth-
erwise stated, all experiments are conducted on an NVIDIA RTX A6000 GPU; full 10-fold
training for HAF requires roughly 4 hours in total.

3.2. Baselines and Variants

We evaluate HAF against a broad set of pathology-only, multimodal, and alignment–robustness
variants to isolate the contributions of each component. The official HANCOCK bench-
marks—WSI-CLAM, TMA-CLAM, andWSI+TMA-CLAM—serve as unimodal and
dual-modality pathology references, and we additionally reproduce WSI+TMA-CLAM us-
ing the released UNI features to ensure evaluation consistency. Moving beyond pathology,
we include two näıve fusion models: a WSI+TMA Fusion MLP and an All-Modality
Fusion MLP, both of which directly concatenate modality embeddings without any align-
ment or robustness mechanisms. These baselines quantify the limitations of simple multi-
modal aggregation in heterogeneous feature spaces.
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Table 1: Performance of multimodal fusion, alignment, and robustness variants,
along with pathology-only and comparable multimodal baselines.

Method Accuracy AUC

Pathology-only baselines

WSI-CLAM – 0.65
TMA-CLAM – 0.52
WSI+TMA-CLAM – 0.69
WSI+TMA-CLAM (reproduced) 0.712±0.087 0.679±0.119

Fusion models and HAF variants

WSI+TMA Fusion MLP 0.739±0.041 0.668±0.133
All-Modality Fusion MLP 0.748±0.046 0.694±0.113
Global Alignment (GA) 0.752±0.047 0.698±0.127
CLIP Alignment 0.741±0.074 0.697±0.103
Random-Modality Drop 0.748±0.074 0.715±0.099
CLIP + Random Drop 0.741±0.073 0.735±0.097
HAF (GA + Random Drop) 0.745±0.065 0.739±0.092

Comparable multimodal methods

PS3 0.626±0.123 0.718±0.117
MDLM 0.557±0.145 0.626±0.122
MFMF 0.675±0.089 0.732±0.127
Simple Feature Interaction 0.705±0.083 0.677±0.098

To examine the effects of HAF’s core components, we evaluate Global Alignment (GA),
the SVD-based latent alignment from Stage 2; CLIP Alignment, a vision-centric con-
trastive baseline anchoring non-visual modalities to WSI as a comparable alignment method;
and Random-Modality Drop, the robustness mechanism from Stage 3. We further test
their combination to assess whether alignment and robustness act synergistically. Finally,
we compare against representative multimodal approaches—PS3, MDLM, MFMF, and a
Simple Feature Interaction model—to situate HAF relative to existing fusion strategies.
All model variants share the same detached pathology encoders from Stage 1, ensuring that
differences stem solely from their alignment and fusion strategies.

3.3. Overall Quantitative Results

We first examine pathology-only and näıve fusion models. The official HANCOCK base-
lines (WSI-CLAM, TMA-CLAM, WSI+TMA-CLAM) provide a unimodal reference
point, and our reproduction of WSI+TMA-CLAM closely matches the reported results
(Accuracy 0.712, AUC 0.679). The WSI+TMA Fusion MLP improves accuracy (0.739)
but yields a lower AUC (0.668). Extending fusion to all seven modalities with the All-
Modality Fusion MLP gives moderate improvements (AUC 0.694), although performance
varies considerably across folds. Among the single-component variants, Global Alignment
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(GA) achieves the highest accuracy (0.752), while CLIP Alignment shows a similar but
slightly weaker trend. Random-Modality Drop primarily improves AUC (0.715) relative
to the All-Modality Fusion MLP. Combining Drop with alignment further increases dis-
crimination: CLIP + Drop reaches an AUC of 0.735, and the full HAF (GA + Drop)
achieves the best overall performance (AUC 0.739). For comparison, representative multi-
modal frameworks such as PS3 (0.626 / 0.718), MDLM (0.557 / 0.626), MFMF (0.675
/ 0.732), and Simple Feature Interaction (0.705 / 0.677) perform notably worse across
accuracy and AUC. These results highlight the challenge posed by heterogeneous modality
quality and demonstrate the benefit of combining alignment and robustness for stable and
discriminative multimodal fusion.

3.4. Ablation on Stage-wise Detachment

Training with gradient detachment consistently yields more stable and effective optimiza-
tion. When heterogeneous objectives are trained jointly without isolation, cross-stage gradi-
ents can conflict and distort earlier representations. Detachment prevents such interference
by allowing each stage to converge independently before passing non-trainable features for-
ward.

Table 2: Ablation on stage-wise detachment. “w” denotes training with detachment,
“w/o” indicates no detachment.

Setting Metric w (with detach) w/o (no detach)

All modalities
Accuracy 0.748±0.046 0.738±0.063

AUC 0.694±0.113 0.698±0.110

+ Global Alignment
Accuracy 0.752±0.047 0.752±0.050

AUC 0.698±0.127 0.727±0.108

+ Random Drop
Accuracy 0.748±0.074 0.748±0.081

AUC 0.715±0.099 0.714±0.101

HAF
Accuracy 0.745±0.065 0.748±0.052

AUC 0.739±0.092 0.721±0.098

A small trade-off appears in the alignment-only setting: without detachment, global align-
ment is less complete and modality-specific biases leak into the shared space. These residual
biases can sometimes boost accuracy via correlated but non-generalizable cues, yet they
blur patient-level separability and reduce AUC. In contrast, detachment removes such in-
terference and yields more consistent, semantically grounded representations, improving the
robustness of the full HAF framework.

3.5. Robustness to Modality Drop

Fig. 2 summarizes model robustness under varying drop probabilities during testing. AUC
and accuracy remain nearly constant up to p = 0.4, indicating that the model compensates
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Figure 2: Model robustness under modality dropout.

for missing modalities by relying on reliable inputs, and degrade only when most modalities
are absent (p > 0.4), demonstrating improved resilience to real-world incompleteness and
noise.

3.6. Representation Analysis

Figure 3: t-SNE projection of multimodal embeddings before and after global
alignment.

To illustrate the alignment effect, Fig. 3 visualizes multimodal embeddings before and after
global alignment. Each color represents one modality, and each point corresponds to a
patient from the test set. Before alignment, modalities form well-separated clusters with

9



Zheng Guo Hu Miao Ma Gao Huang

large inter-modality gaps, while patient embeddings within the same modality are highly
overlapping, indicating strong modality bias but limited patient discriminability. After
alignment, modalities become more coherent along shared axes and different patients are
pulled further apart, simultaneously reducing inter-modality discrepancies and enhancing
inter-patient separability.

Figure 4: Heatmap of aligned modality representations for a representative pa-
tient.

The heatmap in Fig. 4 shows the same trend. Before alignment, feature intensity sequences
across modalities are largely uncorrelated, whereas after alignment they become synchro-
nized for the same patient, indicating that representations are projected onto a coherent
semantic basis.

4. Conclusion

We presented HAF (Heterogeneous Aligned Fusion), a staged and detached multi-
modal fusion framework that mitigates cross-objective interference, effectively exploits com-
plementary prognostic signals, and enhances robustness to missing modalities in survival
prediction. Future work will focus on developing stronger, task-aware alignment mecha-
nisms that encourage modalities to compensate for each other rather than collapse toward
a single dominant source, as well as incorporating more fine-grained spatial reasoning and
prospective clinical validation. In addition, we plan to evaluate the proposed pipeline across
a broader range of datasets to further verify its robustness and generalization.
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Appendix A. Related Work

A.1. Multimodal survival prediction in oncology

Recent multimodal survival models typically integrate WSI with a small set of additional
descriptors. MDLM (Tian et al., 2025) uses co-attention between WSI and clinical features,
ProgPath (Yuan et al., 2025) extends multimodal survival prediction to large cohorts using
Cox and ranking losses.

However, these systems generally: (1) rely on a narrow subset of modalities (typically two
sources such as WSI+clinical or WSI+pathway), which does not reflect the richness and
heterogeneity of real-world clinical data; (2) perform late or shallow fusion without explicit
cross-modality alignment; and (3) assume fully observed inputs, lacking mechanisms to
remain reliable under missing or noisy modalities.

A.2. Cross-modality alignment

A common strategy for multimodal fusion is to directly concatenate encoded features (Li
et al., 2024; Wissel et al., 2023), but this straightforward provides no guarantee that het-
erogeneous modalities occupy compatible representation spaces. Recent work has shown
that aligning modalities before fusion—rather than fusing them directly—yields stronger
and more semantically coherent representations, as demonstrated in CLIP-style contrastive
models and cross-aligned fusion frameworks (Radford et al., 2021; Rajora et al., 2025; Zhao
et al., 2025). Contrastive alignment, however, requires curated modality pairs and becomes
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inefficient as the number of modalities increases. Facing this limitation, approaches shift
toward geometry-driven alignment, which aligns modalities by enforcing shared latent struc-
ture leveraging volume minimization, or SVD formulations (Cicchetti et al., 2024; Kamboj
and Do, 2025; Liu et al., 2025). However, they have rarely been applied in clinical survival
prediction, and, more importantly, existing alignment studies typically consider only two or
three modalities, leaving their behavior under large-scale heterogeneous modality alignment
essentially unexplored.

A.3. Missing-modality robustness

Missing data is pervasive in clinical workflows where imaging, assays, or laboratory tests
may be absent for logistical or cost-related reasons (Pan et al., 2020; Aly et al., 2023;
Wu et al., 2024; Reza et al., 2024). Generative imputation strategies (Hao et al., 2024;
Liang et al., 2022; Qin et al., 2023) attempt to synthesize absent modalities but can in-
troduce hallucinations or low-fidelity artifacts (Sun et al., 2024), making reliability difficult
to guarantee. Random-modality training and stochastic gating (Li et al., 2025; Wei et al.,
2025) provide an alternative by encouraging models to remain predictive even when some
modalities are dropped during training. However, these robustness strategies are typically
applied without explicit geometric alignment, leaving cross-modality interactions loosely
constrained and susceptible to representation collapse.
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