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Abstract. Multimodal learning has demonstrated strong potential for
cancer survival prediction through the joint modeling of whole-slide im-
ages (WSIs) and genomic data. However, existing approaches struggle
to capture deep interactions between genomic signals and multiscale
pathological representations. Although hyperbolic geometry naturally
accommodates hierarchical structures, most current hyperbolic multi-
modal methods still adopt proximity-driven contrastive paradigms and
rely primarily on geodesic distance for similarity estimation. Such designs
overemphasize cross-modal spatial proximity while neglecting intrinsic
modality discrepancies, thereby weakening modality-specific structures
and compromising hierarchical organization. To overcome these limita-
tions, we propose HyperGP, an angular-constrained hyperbolic learn-
ing framework for multimodal survival prediction. It explicitly models
pathology as a patch-region—slide hierarchy and derives prognostic an-
chors from pathway-level genomics. We introduce a geometry-aware hi-
erarchical representation module to embed both modalities into a shared
hyperbolic manifold and obtain risk-specific prototypes. These embed-
dings and prototypes are subsequently aligned by a designed unified mul-
timodal angular contrastive learning module while preserving modality-
specific structures. Finally, we propose an angular hyperbolic-guided sur-
vival prediction module for precise survival forecasting. Extensive exper-
iments across multiple cancer cohorts demonstrate the superior perfor-
mance of the proposed HyperGP, highlighting the effectiveness of angular
constraints for hierarchical survival modeling in hyperbolic space. Code
is available at: https://github.com/yangl987-star/hyperGP.

Keywords: Computational pathology - Genomics - Hyperbolic learning
- Multimodal survival prediction

1 Introduction

Cancer survival prediction plays a pivotal role in clinical decision-making, as it
guides treatment strategies [22, 2]. However, accurate survival prediction remains

H. Yang and Q. Zhang—Denotes equal contribution.



2 H. Yang et al.

7 A
y ! y y
= = ‘- /
] - - B $§, &
@ <\
- | >
= I @ = gL B
- w B o) i B
2 //anchor £
- 4 anchor
o X o X
(a) Hyperbolic image hierarchy (b) Geodesic-based matching (c) Angular-based matching (Ours)

Fig. 1. Hyperbolic pathology hierarchy (a), and a comparison of geodesic-distance (b)
versus our angular-constrained matching objectives in hyperbolic space (c).

a challenging task due to the complex nature of cancer and its heterogeneous
manifestation across patients. Therefore, multimodal learning has been emerg-
ing for survival prediction by integrating multiple sources, such as whole slide
images (WSIs), genomic data, and clinical variables [1,9, 24, 27]. Genomic data,
with its ability to capture molecular features, complements the structure infor-
mation provided by WSIs. It offers more comprehensive understanding of the
underlying biology (2,9, 25]. Despite utilizing these diverse data, existing multi-
modal methods still struggle to fully capture the complex interactions between
genomic signals and multiscale pathological features.

Most multimodal approaches follow a prevailing “tokenize-and-fuse” paradigm,
where features from WSIs and genomic data are tokenized and then simply fused
via attention mechanisms [1,24,9,27]. While these methods are successful in
the survival prediction task, they often overlook the hierarchical semantic rela-
tionships between different data modalities. Specifically, traditional multimodal
methods typically rely on distance metrics, such as Euclidean distance, to align
multi-level features within a single modality or across modalities [24, 27,26, 3].
Although distance metrics are effective at capturing geometric proximity, they
fail to model the deep semantic differences within hierarchical structures. As
a result, they struggle to capture the complex relationships that exist between
features at different levels, especially in the context of survival prediction.

In contrast, hyperbolic geometry offers a natural solution for embedding the
hierarchical structures, where the depth of hierarchical structures is often rep-
resented by the distance to the root [7,23]. This approach is particularly useful
for capturing the inherent hierarchies present in both genomic and patholog-
ical data. However, most existing methods overemphasize cross-modal spatial
proximity and rely heavily on geodesic distances, which neglect the intrinsic dis-
crepancies between modalities [13, 17]. This results in weakened modality-specific
structures and compromised representation of the hierarchical relationships that
are crucial for accurate prediction. Therefore, while hyperbolic geometry offers
a promising solution, it is essential to incorporate more effective methods that
preserve both the spatial relationships and structural integrity of each modality.

To address these challenges, we propose an angular-constrained hyperbolic
learning framework to preserve modality-specific structure and hierarchy-aware
cross-modal relations, named as HyperGP. Specifically, a geometry-aware hier-
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Fig. 2. Overview of HyperGP: WSIs are hierarchically compressed from patches to
regions to slides, genomics is distilled into prognostic anchors. Both modalities are
embedded into a hyperbolic space by geometry-aware hierarchical representation block,
and aligned by unified multimodal angular contrastive learning block. The aligned
features are input into an angular hyperbolic-guided decoder for survival prediction.

archical representation module is introduced to embed hierarchical pathological
features (patch-region-slide) and pathway-level genomic representations into one
shared hyperbolic space, enabling the construction of risk-specific prototypes.
Subsequently, we design a novel unified multimodal angular contrastive learning
module to align these embeddings and prototypes. This angular formulation en-
sures hierarchy-aware alignment between the modalities while maintaining the
intrinsic structures unique to each modality. Finally, we propose an angular
hyperbolic-guided survival prediction module utilizing the aligned embeddings
and the prototypes. Extensive experiments across five TCGA cohorts demon-
strate that angular-guided multimodal learning strategy in hyperbolic space
outperforms the state-of-the-art (SOTA) unimodal and multimodal methods.

2 Methodology

2.1 Preliminaries

Lorentz Model. We embed representations in the Lorentz model L¢, a Rieman-
nian manifold with constant negative curvature —x (k > 0). It is defined as LY =
{z € R | (2,2) = —1/k, 20 > 0}, where 2 = (20, 21.4), 20 = \/1/k + || z1.4]|3,
and (u,v)r = —ugvg + uldvl;d denotes the Lorentzian inner product [14]. Tan-
gent vectors 7 at the origin o = (1/4/k,0,...,0) are projected to L¢ via the
exponential map exp,(n) = cosh(||n]|z)o+mnsinh(|[n]lz)/lInllz, where || - |z is the
Lorentzian norm.

Directed Angular Entailment. To model hierarchies, we adopt the exterior
angle ext(u,v) from entailment cones using the Euclidean norm of the spatial
component ||u1.4]|2 [4,23]. Based on this, we define the top-down entailment
score E¥9(u,v) = 7 — ext(u,v) and the symmetric angular distance ¢(u,v) =
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ext(u,v) +ext(v, u) — 7. Maximizing £'4(u, v) encourages v to lie inside the cone
of u, while ¢ serves as a robust symmetric similarity metric for prediction.

ext(u,v) = arccos ( Vo F toru, v) ¢ ) . (1)

llur:all2v/ (K(u,v) )% — 1

2.2 Geometry-Aware Hierarchical Representation

As illustrated in Fig. 2, HyperGP establishes a unified hierarchical structure
spanning genomic anchors, slides, regions, and patches. Nodes are instantiated
at each semantic level and embedded into the Lorentz manifold ¢ with radius-
aware scaling. Each WSI is tiled into small patches and these patches are encoded
by a frozen CTransPath encoder [21]. The patch features F}, are spatially parti-
tioned into G groups, and the top-K patches in each group are maintained by
calculating importance scores through an attention block. These selected patch
features F}, are aggregated into region-level features F; via attention pooling,
and further pooled into a slide-level feature Fy. This bottom-up aggregation
produces a multi-scale pathological representation set {F},, Fy, Fy}.

For genomic data, we follow PIBD [25] to obtain the patient-level genomic
embedding F, by a pathway-wise self-normalizing network, and then get the
corresponding risk-specific prototype Prs = {pa.c | @ € {0,1},c € {1,--- ,C}} by
prototypical information bottleneck. Here, a represents if the patient is dead and
C represents all time bins. The genomic embedding F, is encouraged to match
its risk-specific prototype Pys, and the learned prototypes serve as the genomic
anchors in the hyperbolic space. For the i*" patient, we obtain the genomic
embedding F;,, the matched risk-specific prototype p;. F,, is aligned to the
risk-specific prototype Py via a Gaussian-regularized matching loss Lpyot0 [25]:

B
1 . 1 .
Eproto = E E _Slm(Fgﬁpi) + 20 _ 1 E Slm<ngapa,c) s (2>
i=1 pa,c#Pi

where B is the batch size, Sim(-, -) denotes the cosine similarity function. During
optimization, the genomic embedding is closer to its corresponding true proto-
type while repelled from others. To mirror the exponential volume expansion of
hierarchies, we project all the above node types v € {F}, Fy, Fy, Pis} into the
Lorentz manifold using type-specific learnable scalars «,,:

2y = eXPO(OZz/ : hu)a (3)

where h, € R? is the corresponding Euclidean feature derived from the hier-
archical features. By learning the scaling factors «,,, the network automatically
positions abstract concepts (risk-specific prototypes) close to the origin and con-
crete instances (patches) nearer to the boundary, thereby faithfully preserving
the intrinsic geometric depth across modalities.
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2.3 Unified Multimodal Angular Contrastive Learning

While hyperbolic projection provides the representations with a geometry well
suited to hierarchical data, it does not guarantee the desired parent-child se-
mantics across scales. Therefore, we introduce a bidirectional angular contrastive
learning over three adjacent parent-child relations R = {rs_s,s_r,r_p}, corre-
sponding to risk-specific prototype-to-slide, slide-to-region, and region-to-patch,
respectively. For each relation r € R, let (u,v) denote the parent and child
embeddings in hyperbolic space. We explicitly enforce both top-down angular
entailment and bottom-up angular alignment. The angular entailment ensures
that the child feature lies within the parent’s outward cone, which is measured
by the angular distance in hyperbolic space: £ (u, v) = m—ext(u, v). Conversely,
the angular alignment constrains the parent to align with the child’s inward (i.e.,
toward-origin) direction, preventing parent nodes from drifting away from their
descendants. This constraint is measured as: EPY(v, u) = ext(v, u).

Let P4 (u) denote the set of positive child nodes associated with a parent
node u under relation r. To avoid cross-level semantic ambiguity, we restrict the
candidate set V' (u) to all child nodes at the same hierarchical level within the
current mini-batch. The top-down InfoNCE loss [5] is formulated as:

ZveP,&d(u) exp(E¥(u,v)/7)

L (u) = —1o .
() = or S ) P (E(w, ) /7)

(4)

where 7 is a shared temperature for both directions. Conversely, let PPU(v)
denote the set of positive parent nodes associated with a child node v under
relation r, and V2" (v) represent the candidate set of all same-level parent nodes
within one mini-batch. The bottom-up loss is formulated as:

Zuepgu(v) exp(EP* (v, u)/T)
Zu/GV}EL‘(v) exp(gbu (Uv u/)/T) '

where 7 is a shared temperature parameter used for both directions. The total
loss for this unified asymmetric angular contrastive learning module is:

L2%(v) = ~log (5)

Lni = Z Wy (Eu [E:-d (w)] + 7 Ey [EEH(U)]) ) (6)

reER

where E represents mathematical expectation operation, w, and ~, are hyper-
parameters that control the weights. This decoupled formulation maintains the
depth-wise modality structure while preventing cross-level semantic ambiguity.

2.4 Angular Hyperbolic-Guided Decoder and Optimization

To maintain the integrity of the learned geometry, we perform survival pre-
diction directly on the hyperbolic manifold. The follow-up time is partitioned
into C bins. For the i'" patient, z,, € L? denote the hyperbolic embedding of
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Table 1. Performance comparison using C-index (mean + std) on five TCGA cohorts.
Best results are highlighted in bold and the second-best in underlined.

Method | BLCA COADREAD  HNSC STAD BRCA | Overall
v MLP [6] 0.53040.077  0.71240.114  0.52040.064  0.497+0.031  0.622+0.079 | 0.576
& SNN[10] 0.52140.070  0.71140.162  0.51440.076 ~ 0.485+0.047 0.621+0.073 | 0.570
SNNTrans [10] | 0.583+0.060 0.739+£0.124 0.570£0.035 0.547+£0.041 0.679+0.053 | 0.622
ABMIL [8] 0.62440.061  0.7274+0.118  0.6024+0.028  0.629+0.029  0.632+0.066 | 0.643
% CLAMMB [12]| 0.618+0.077 0.743+0.142 0.616+0.043 0.617+0.036 0.645+0.086 | 0.648
S DSMIL [11] | 0.64420.069 0.693+0.142 0.580+£0.019 0.640:£0.046 0.660+0.047 | 0.643
S TransMIL [15] | 0.630£0.012 0.627+0.074 0.615+0.039 0.586+0.018  0.629+0.026 | 0.617
& RRTMIL [19] | 0.630+0.042 0.6964+0.125 0.5924+0.020 0.651+0.031 0.651+0.059 | 0.644
MHIMMIL [18]| 0.61440.070  0.717+0.142  0.609+0.023  0.641£0.052 0.643+0.052 | 0.645
Porpoise [2] | 0.617+0.056 0.738+0.151 0.614+0.058 0.660+0.106 0.668+0.070 | 0.660
= MCAT [1] 0.6404+0.076  0.72440.137  0.56440.084  0.625+0.118  0.685+0.109 | 0.647
T MOTCat [24] | 0.65940.069 0.74240.124  0.582+£0.041 0.621£0.065 0.727+0.027 | 0.681
£ SurvPath [9] | 0.649£0.074 0.751£0.149 0.612:£0.063 0.6430.039 0.712+0.084 | 0.673
£ PIBD [25] 0.661+0.041  0.786+0.111  0.619+0.056  0.652+0.063 0.726+£0.062 | 0.689
= MMP [16] 0.66140.037  0.69140.081  0.598+0.045 0.649+0.069 0.731+0.053 | 0.666
CCL [28] 0.65940.062 0.773+0.131  0.62140.074  0.640+0.067 0.691+0.066 | 0.677
HyperGP | 0.671+0.021 0.845+0.092 0.637+0.062 0.672+0.059 0.732:0.069| 0.711

their slide-level pathological feature Fj,, obtained via Eq. 3. Similarly, we get
2p, . € L4 of Pi,c, 1.e., the abstract concept of a death event (¢ = 1) occurring at
time bin ¢. We compute the hazard logit using the symmetric angular distance
&(-, ) between zg; and zp,, .. Then, the distance is converted into the discrete haz-
ard by a sigmoid operation, denoted as Aic. The angular distance emphasizes
semantic direction and primarily encodes hierarchical depth, making it partic-
ularly suitable for matching a concrete instance (slide) to an abstract concept
(risk-specific prototype). We optimize the survival prediction block using the
discrete-time negative log-likelihood:

N [e-1
1 _ _
Loy = -~ E 1 E 1 log(1—A; ;) +aloghiz+ (1—a)log(l—Xz)|, (7)
i=1 |j=

where N is the total number of samples, a is the true death status, and ¢ is the
true time-bin index of the i*” patient. The total loss function for HyperGP is a
weighted sum of the above loss functions {Lsurv, Lprotos Luni}:

Etotal = Esurv + wlﬁproto + w2£uni7 (8)

where w; and ws are hyperparameters balancing the contributions of auxiliary
tasks. This joint optimization ensures that the learned features are discriminative
for survival prediction and consistent with the intrinsic hierarchical structure of
biological concepts, enhancing generalization and interpretability.
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Fig. 3. Visualization of tissue-type localization map (A), model-derived risk heatmap
on WSI regions (B), and representative patch crops of pathological categories (C).
(D) Kaplan—Meier curves across five TCGA cohorts. (E) Evaluation of coefficients in
HyperGP on COADREAD.

3 Experiments

3.1 Experimental Settings

Datasets and Implementation Details. We evaluate on five TCGA co-
horts [20]: BRCA (n = 968), BLCA (n = 384), COADREAD (n = 298), STAD
(n = 317), and HNSC (n = 392). Each patient includes a diagnostic WSI,
matched RNA-seq profile, survival time, and censoring indicator. WSIs are tiled
into 224x224 patches at 20x magnification and encoded via CTransPath [21].
To reduce background noise, patches are partitioned into G = 10 groups, retain-
ing K = 80% per group. Genomic pathway tokens are derived from Reactome
and MSigDB. Continuous survival times are partitioned into C' = 4 quartile-
based discrete bins [25]. We employ 5-fold cross-validation (4:1 split) and report
the C-index. Models are implemented in PyTorch on a single RTX 3090 GPU
and optimized via Adam (batch size 32, learning rate 1 x 10~%, weight decay
1 x 107%). The hierarchical loss hyperparameters for prototype-to-slide, slide-
to-region, and region-to-patch relations are (wps, Wsr, wyp) = (0.5,1.5,1.0) and
(Vpss Ysr> Vrp) = (1.5,1.5,1.0), with 7 = 0.08.
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Table 2. Ablation study on component effectiveness.

type-specific « UMACL AHGD BLCA COADREAD

0.624+0.023 0.713+0.084
0.631+£0.045 0.737£0.091
0.659+0.057 0.794+0.104
0.671+0.021 0.845=£0.092

AN
NN % %
N X X% %

3.2 Comparison with SOTA Methods

We compare HyperGP with SOTA methods under pathology-only, genomics-
only, and multimodal settings. As shown in Table 1, HyperGP achieves the best
overall C-index of 0.711, outperforming all unimodal and multimodal methods on
nearly all datasets. Notably, it ranks first across all five cohorts, demonstrating
consistent superiority. The most pronounced improvement is observed on COAD-
READ, where HyperGP attains 0.845 compared to 0.786 for the best competing
method. While multimodal methods generally excel by leveraging complemen-
tary signals, competitive unimodal performance on COADREAD (CLAMMB:
0.743) underscores the challenge of modality discrepancy. HyperGP’s consistent
superiority proves that hierarchy-aware angular alignment effectively stabilizes
cross-modal learning. As shown in Fig. 3 (A)-(C), attention heatmaps success-
fully localize high-risk pathological patterns. Furthermore, Kaplan-Meier anal-
ysis (Fig. 3 (D)) confirms significant survival stratification between high- and
low-risk groups across all cohorts (p < 0.05).

3.3 Ablation Study

Ablation Analysis. Table 2 details the ablation results on BLCA and COAD-
READ. With patch filtering and PIBD-based prototype construction fixed, we
evaluate three key components. First, type-specific « better preserves hierarchy-
aware radial organization in hyperbolic space. Second, the Unified Multimodal
Angular Contrastive Learning (UMACL) enforces directional parent-child con-
straints across prototype—slide-region—patch levels, promoting consistent multi-
level alignment. Finally, the Angular Hyperbolic-Guided Decoder (AHGD) re-
places the Euclidean decoder, ensuring the final risk prediction is geometry-
consistent with the learned hyperbolic hierarchy. Jointly optimizing these com-
ponents yields the most discriminative multimodal representations. We further
replace angular relations with geodesic matching, which decreases the overall
C-index from 0.711 to 0.673. And replacing the Lorentz hyperbolic space with a
Euclidean angular control gives 0.689, indicating that both hyperbolic geometry
and angular relation modeling contribute to the final performance.
Hyperparameter Analysis. Fig. 3 (E) analyzes the UMACL coefficients on
COADREAD. The selected directional factors (Vps,Ysr,;Vrp) and level weights
(Wps, Wer, Wyp) optimally balance the top-down and bottom-up hierarchical su-
pervision. This configuration minimizes cross-level semantic ambiguity and en-
sures robust hyperbolic alignment.
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4 Conclusion

In this paper, we proposed HyperGP, a framework that treats multimodal sur-
vival prediction as a hierarchical geometric alignment problem. By shifting from
Euclidean feature fusion to angular-constrained hyperbolic learning, HyperGP
unifies genomic signals and multi-scale pathology in a shared Lorentz manifold.
The designed unified multimodal angular contrastive learning module integrates
with the angular hyperbolic-guided decoder, enforcing a directed hierarchy from
genomic anchors to slides, regions, and patches, ensuring that prognostic pre-
diction remains consistent with hierarchical biological inclusion. Experiments on
five TCGA cohorts show that hierarchy-aware angular supervision in hyperbolic
space provides an effective inductive bias for robust multimodal prognostication.
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