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Abstract

Pathological whole slide images (WSIs) are fundamental in
pathology analysis, but their massive image scale and sub-
tle morphological features demand highly trained and ex-
perienced pathologists. Deep learning techniques have thus
been applied to assist pathologists; however, three key chal-
lenges remain in WSI analysis: (i) suboptimal geometric
representation, as conventional embeddings inadequately
model the intrinsic hierarchical tissue ontologies; (ii) a geo-
metric trade-off between capturing global hierarchy context
and preserving local discriminative detail, which hampers
multi-scale reasoning; and (iii) inefficient, homogeneous
computation pipelines that fail to accommodate patholog-
ical heterogeneity. Existing methods offer limited improve-
ments, as they rely on a single geometric paradigm or ho-
mogeneous computations. We propose MVH-MIL, a novel
geometric-aware hierarchical framework for WSI analy-
sis that: (1) introduces hyperbolic embeddings to natu-
rally model the global, tree-like organization of patholog-
ical structures; (2) employs a Hybrid Geometric Embed-
ding strategy that synergistically combines hyperbolic rep-
resentations with Euclidean embeddings; and (3) integrates
a Mixture of WSI Experts (MoWE) module that adaptively
routes tissue-specific tokens to specialized sub-networks
for efficient, expert-driven handling of pathological hetero-
geneity. Across 7 WSI datasets spanning 7 cancer types,
MVH-MIL consistently improves performance over strong
state-of-the-art backbones. Extensive experiments demon-
strate that MVH-MIL provides a route for a more robust
and scalable approach to efficient digital pathology model-
ing. The project will be open-sourced.

1. Introduction

Accurate cancer diagnosis and subsequent treatment plan-
ning hinge on pathological interpretation, the gold standard
for identifying disease from microscopic images [11]. With
the rise of digital pathology, tissue biopsies are now com-
monly scanned into gigapixel-scale Whole Slide Images

Figure 1. WSI geometric representations. (a) Euclidean embed-
dings fail to model hierarchical relationships. (b) Hyperbolic ge-
ometry naturally encodes the tree-like structure of pathology, from
tissue architecture to cellular morphology.

(WSIs) that capture a wealth of multi-scale spatial informa-
tion. Despite their richness in information, the sheer size of
these images (e.g., 60, 000 x 80, 000 pixels) presents a major
bottleneck. Manual WSI review is an arduous task demand-
ing highly specialized expertise, which introduces the risk
of inconsistent and variable diagnostic outcomes [20]. Fur-
thermore, their massive spatial scale, high morphological
heterogeneity, and inherent hierarchical organization (cells
to entire slides) pose major barriers to automated analy-
sis [9, 12]. To address these challenges, Multiple Instance
Learning (MIL) is adopted as a dominant framework for
WSI analysis [24, 33]. It tackles gigapixel scale by parti-
tioning WSIs into small tiles (e.g., 224 x 224 pixels) and us-
ing embeddings to compress the features. In MIL, a founda-
tion model (e.g., CONCH [22]) first converts tile latent rep-
resentations into embeddings, and a slide-level model (e.g.,
ABMIL [14]) then aggregates these embeddings for slide-
level predictions. Though practical, current MIL methods
struggle to balance three critical requirements:

1) Hierarchical modeling capability [23]. The intrin-
sic hierarchical nature of WSIs poses challenges for rep-
resentation in Euclidean space, which is commonly used
by traditional slide-level methods [14, 30]. The Euclidean
metric alone is suboptimal for capturing complex spatial
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Figure 2. MVH-MIL overview. (a) A WSI is first partitioned into tiles, then extracted into embeddings with a pathological foundation
model for the later slide-level modeling. (b) MoWE employs WSI-specialized experts to extract domain-specific features. (c) HDE converts
Euclidean representations to hyperbolic distance to capture both hierarchical relationships. (d) GHS combines hyperbolic and Euclidean
embeddings to preserve local details and create an integrated, multi-scale representation.

relationships [13] and restricts the capacity of existing ap-
proaches to model structural hierarchies, ranging from indi-
vidual cells to glands and large tissue architecture (Fig. 1).

2) Efficient homogeneous computation [34]. Features
in pathology images are highly heterogeneous. Diagnostic
regions of interest are typically small and dispersed within
extensive areas of benign or irrelevant tissues. Existing
methods [27, 28] apply uniform computation across entire
slides, failing to adapt to this variability and wasting sub-
stantial resources on trivial regions.

3) Multi-scale reasoning [25]. WSI analysis requires
the simultaneous understanding of high-level tissue archi-
tecture and fine-grained cellular morphology. The geomet-
ric trade-off limits the ability of current methods [21, 34]
to effectively capture global hierarchical context while pre-
serving locally discriminative details. It also impedes the
integration of information across spatial scales.

To address these requirements, we propose Mixture Vi-
sual Hierarchy MIL (MVH-MIL) (Fig. 2), a novel MIL
framework for WSI analysis with three key contributions:

1) We introduce hyperbolic embeddings modeled in
the Poincaré ball [17, 31] leveraging the unique abil-
ity of hyperbolic geometry to represent hierarchical tis-
sue structures. 2) We integrate a dynamic sparse activa-
tion mechanism into a Vision Transformer (ViT) to en-
able computation-aware feature extraction. It adaptively
focuses computational resources on diagnostically relevant
regions, improving efficiency while preserving feature dis-
criminability. 3) We employ a hybrid embedding strategy
that integrates hyperbolic embeddings with Euclidean em-
beddings, utilizing Euclidean space to preserve local mor-
phological details and achieve a unified representation of
multi-scale contextual information.

Experiments on 7 downstream tasks over 10 state-of-
the-art (SOTA) methods across 7 WSI datasets, and prove

MVH-MIL’s resilience and flexibility. In summary, by in-
tegrating pathology-aware inductive biases and employing
a targeted hybrid geometric embedding strategy, our frame-
work effectively meets the core requirements in WSI anal-
ysis with superior overall performance.

2. Related Works
2.1. Multiple Instance Learning

Deep learning for WSI analysis has evolved toward a two-
stage MIL paradigm, separating tile-level feature extraction
from slide-level aggregation. Early approaches, such as
SlideAve (averaging) and SlideMax (max-pooling), adopted
simplistic aggregation schemes that either diluted critical
signals or amplified noise. To address this, attention-based
methods like ABMIL [14] and CLAM [21] became cen-
tral, using adaptive weighting to prioritize informative tiles.
Further refinements like DTFD-MIL [34] and DSMIL [19]
used feature distillation and contrastive learning, respec-
tively. However, these attention-driven models failed to
solve the spatial context problem, struggling to capture
inter-tile relationships. To solve this spatial limitation,
TransMIL [27] used transformers to encode tile relation-
ships. This introduced new issues: poor modeling of hi-
erarchical features and a computational bottleneck from
quadratic attention. Research then focused on this bot-
tleneck, splitting into two branches. One branch applies
large backbones like LongNet in GigaPath [30], remaining
memory-intensive and monolithic. The other branch, State
Space Models (SSMs), captures long-range dependencies
with linear or sub-quadratic complexity. Representatives
includes MambaMIL [32] and PathRWKYV [2]. While both
branches improve efficiency, they converge on the same un-
resolved problem: their monolithic designs are ill-equipped
to model the diverse and heterogeneous feature distributions
found in WSIs.
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2.2. Mixture of Experts in Transformers

The Mixture of Experts (MoE) paradigm has re-emerged
as a leading approach for scaling Transformer models be-
yond the limits of dense computation. It replaces the stan-
dard dense Feed-Forward Network (FFN) layers with mul-
tiple parallel “expert” FFNs. For each input token, a sparse
subset of these experts (e.g., the Top-1 or Top-2) are dy-
namically selected by a lightweight gating network called
router. This conditional computation mechanism decouples
the model’s total parameter count from its computational
cost. It allows for a massive increase in model capacity
while keeping the computational cost for inference con-
stant. The resurgence was pioneered by GShard-M4 [18],
which first successfully applied MoE to scale Transform-
ers for machine translation. Building on this, the Switch
Transformer [8] significantly simplified the architecture by
using a Top-1 routing strategy, and introduced an auxil-
iary load balancing loss to ensure stable training and pre-
vent expert collapse. More recently, models like Mixtral
8x7B [15] have demonstrated the power of Top-K routing.
They achieve superior performance by combining the out-
puts of the two best-scoring experts. MoE has also proven
effective beyond language, as Vision MoE [26] successfully
adapted it to the Vision Transformer by routing individ-
ual image patches, confirming MoE’s status as a general-
purpose scaling solution.

2.3. Hyperbolic Space

Previous MIL methods generally rely on Euclidean geome-
try. This is considered ”geometrically suboptimal” for WSI
representation [13], as it fails to capture the intrinsic hi-
erarchical organization of WSIs (Fig. la). To better mod-
eling these structures, hyperbolic geometry has been pro-
posed as an effective alternative [13, 17, 31]. Specifically,
hyperbolic spaces (e.g., the Poincaré ball [31]) exhibit expo-
nential volume growth, which is well-suited for embedding
tree-like, hierarchical data. This matches the features in
WSIs (Fig. 1b). Recent works such as HyperPath [13] and
HVHM [17] have leveraged hyperbolic neural networks to
model these tissue hierarchies, enabling an improved repre-
sentation of structural organization. However, these meth-
ods often face a fundamental geometric trade-off [7, 25]:
while hyperbolic space excels at capturing global hierarchy,
it distorts fine-grained local and discriminative features that
are better preserved in Euclidean space. This trade-off cre-
ates the need to jointly model global hierarchy and local
details.

3. Methods

3.1. WSI Pre-processing and Embedding

A WSI [ is first loaded at a specific microns-per-pixel
(mpp) resolution and subsequently tessellated into a non-

overlapping grid of tiles {7};}, each of size T; (Fig. 2a). To
ensure the quality of these tiles, a two-step screening pro-
cess is applied. First, tiles are discarded if their tissue con-
tent is below a predefined threshold (e.g., < 70% area cov-
erage). Second, tiles are eliminated if their pixel variance
is beneath a quantitative cutoff (e.g., Var(l) < 0.05, with
I as the pixel intensity normalized to the [0,1] range). This
ensures only informative tiles proceed to the next stage.
Each valid tile is then converted into a compact, semantic
feature vector via a pathological foundation model (e.g., Gi-
gaPath [30]). This feature extraction step serves to improve
both the training efficiency and the overall performance of
the downstream slide-level backbone (e.g., TransMIL [27]).

3.2. Mixture of WSI Experts

The slide-level backbone is based on ViT [6], with the major
modification on its FFN component. A basic FFN processes
the same transformation for each tile embedding h;:

FFN(hl) = GELU(thl + b1>W2 + by (D)

This is incompatible with the heterogeneous nature of WSI,
ignoring its diverse semantic properties. To address this,
we adapt the concept of Mixture-of-Experts (MoE) [26] to
computational pathology by proposing the Mixture of WSI
Experts (MoWE) (Fig. 2b). This layer replaces the dense
FFN with K specialized expert networks { 'y, Fs, ..., Ex },
each learning distinct pathological patterns. However, com-
puting all K experts for every token h; (a ”dense” MoE)
is computationally prohibitive. Instead, MOWE implements
a sparse, Top-K routing strategy. A single, learnable rout-
ing network R (implemented as a single linear layer) first
computes K gating logits [; € R for each token h;:

l; = R(h;) = W, ©)

where W, is the router’s weight matrix. Next, rather than
directly implement softmax as MoE, we use a Top-K oper-
ation to select the indices I of the Top-K experts:

I, l@k = TOp-K(li7 k‘) k< K (3)

where I = {j1,...,jx} is the set of chosen expert indices
and [; , are their corresponding logits. We calculate the gat-
ing weights w; by applying softmax only to these k logits:

w; = Softmax(l; 1) “4)

The final output MoWE(h;) is the sparsely weighted sum
of only the k activated experts:

MoWE(h;) =Y w; ;- E;(hs) (5)
jeI
This sparse approach significantly reduces computational
cost, as only k experts are computed. It also maintains high
model capacity with a large K.
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Additionally, we introduce the auxiliary loss Ly, during
training to prevent expert collapse, where the router over-
whelmingly favors a few experts. It encourages the router to
distribute tokens evenly across all K experts. This is based
on the fraction of tokens f; routed to expert 4, and the mean
routing probability P; for that expert across the batch:

K
Eau:z::a-Zfi-Pi

i=1

(6)

where « is a hyperparameter. L,x is added to the main
model loss and optimized jointly.

3.3. Hyperbolic Distance Embedding

We adopt hyperbolic distance embedding (HDE) (Fig. 2¢)
on the output from the slide-level backbone, additionally
modeling the features from a broader scale. Existing MIL
methods [14, 19, 21, 30] often operate in Euclidean space
(Fig. 1a), measuring similarity via the Ly norm:

Deuc(xa y) = ||X - yH2 =

This geometry excels at modeling local discriminative
patterns but misaligns with the intrinsic, multi-scale hierar-
chy of WSIs. To address this, we adopt hyperbolic space
via the Poincaré ball model M7, a principled alternative for
embedding hierarchies. Its distance metric Dyy, is derived
from Mobius addition (6B..):

2
Dhyp(x,y) = %arctanh (Ve -x@ey])  ®
2 _ 2
oy (L2003 by x4 (1 dlxlP)y

1+ 2c(x,y) + [x|P[ly[I?

This projection is a form of manifold learning, embed-
ding hierarchical tissue structures from Euclidean space
onto a hyperbolic manifold. It scales exponentially
(O(e")), unlike polynomial Euclidean growth (O(r™)),
preserving their intrinsic geometry.

3.4. Geometric Hybrid Strategy

The global advantage of HDE introduces a local trade-
off. Hyperbolic geometry’s reliance on a conformal factor,
Ae = Tz Can destabilize fine-grained local features.
The critical dichotomy of global hierarchical capacity ver-
sus local feature preservation motivates our geometric fu-
sion. This is based on the premise that hyperbolic geometry
Dyyp generalizes Euclidean geometry D, when ¢ — 0:

lim Dyyp(3x,y) = 2x — v (10)

This demonstrates the mathematical continuity between
the two geometries. We therefore propose three distinctive
fusion strategies:

Concatenation: With identical (zg, zy) embeddings, fu-
sion can be performed using concatenation &:

(1)

this method preserves complete geometric information
while expanding dimensionality to 2m, followed by a lin-
ear layer to compress the channel dimension back to m.
Projection: For h;,h; € R%, we compute dg(h;, hj) =
|hi — hjlla and their hyperbolic embeddings zp, =
exp(Wrhi), zr; = expg(Wghy) in HY. The fused dis-
tance ds is:

di(hi ) = dir (21, 21,) - (1 tyed (M))

OF
(12)
where dg (-, -) denotes the Poincaré distance in H?", o is
the dataset’s Euclidean scale, and + is a learnable intensity.
The projection function ¢ : R — [0, 1] employs a tem-
pered sigmoid activation, with learnable centering parame-
ter 4 and temperature  controlling the transition sharpness:

- 1
T T

Zconcat = [ZE S2) IOgS (zH)]’

¢(x) 13)

The Poincaré distance exhibits exponential growth with the
embedding radius:

||ZH7. _ZHj||2
(L= lzm 1?) (1 = [lzm, %)
(14)

dy(zmH,,2m,) = arcosh (1 +2

Weighted addition: For a tile-level feature h € R?, the
hybrid embedding (zg, zy) combines zg = Wgh €
E™ and zyg = exp§(Wrgh) € H", where exp§(v) =
tanh(\/E@) \ﬁT\V\I' The fused representation is:

15)

where « is a learnable gate, balancing the geometries via
the inverse log mapping (logg). Element-wise summation
preserves dimensionality for cross-geometric refinement.
These strategies represent three distinct fusion philoso-
phies. In our empirical evaluations, weighted addition was
ultimately adopted as the geometric hybrid strategy (GHS)
(Fig. 2d). It avoids deferring the complex integration bur-
den to a subsequent linear layer, as concatenation does. It
also doesn’t limit the fusion’s scope purely to distance com-
putation, as projection does. Instead, this strategy projects
the hyperbolic representation carrying hierarchical context
back to its tangent space via the logarithmic map (logg). It
also performs a direct, learnable interpolation with the Eu-
clidean representation carrying local details. This process

z=a-zg+ (1 —a)-logy(zu),

)
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yields a unified feature representation that most effectively
coordinates the strengths of both geometries. It aligns per-
fectly with the intrinsic multi-scale nature of WSI analysis.

4. Experiment

4.1. Datasets and Downstream Tasks

We validate MVH-MIL on 7 core downstream tasks across
7 WSI datasets, covering diverse diagnostic scenarios in
computational pathology (Fig. 3). The CAMELYON16
[1] dataset with the Breast Metastasis (BrMet) task clas-
sifies lymph nodes as normal or tumorous. The TCGA [4]
datasets evaluate multiple diverse diagnostic tasks. Specifi-
cally, TCGA-Lung performs classification of subtypes of
non-small cell lung cancer (NSCLC) and predicts the
AJCC-defined tumor staging (T-Stage), a metric reflect-
ing the tumor’s local progression. For Histological Diagno-
sis (HistoDx) tasks, TCGA-BRCA classifies breast cancer
subtypes and TCGA-GBM diagnoses brain cancer based
on morphological patterns. Meanwhile, TCGA-BRCA
predicts HER2 (IHC-HERZ2) expression status from WSIs
to assess suitability for targeted therapy. For Cancer Grad-
ing (Grade) tasks, TCGA-BLCA and TCGA-CESC per-
form on bladder and cervical tissues respectively, determin-
ing tumor differentiation levels. And TCGA-CESC dataset
with the Lymphovascular Invasion (LymInv) task identi-
fies the presence of cancer invasion into lymphatic or vas-
cular channels. The TCGA-LGG dataset with the T-Stage
task predicts brain tumors staging.

4.2. Implementation Details

All models were uniformly initialized without pre-training.
The training regimen included a 20-epoch linear warm-
up, followed by 80 epochs optimized via Adam [16], with
the learning rate decayed to 0.01x its initial value us-
ing a cosine schedule. We adopted hyperparameter search
over three orders of magnitude (1 x 1074, 1 x 1075, and
1 x 107%), and reported the best performance for each
model. We set Batchsize = 4, with Sampprqa. = 2,000
per WSI. Experiments were conducted on 4 NVIDIA RTX
4090 and 2 NVIDIA H100, using Python 3.10.16, PyTorch
2.4.0, and CUDA 12.1. The pipeline is supported by Un-
Puzzle [20].

4.3. Comparison with SOTA Methods

We compared MVH-MIL against 2 baselines: SlideAve and
SlideMax, and 8 SOTA methods: ABMIL [14], CLAM
[21], DSMIL [19], TransMIL [27], LongNet [5], GigaP-
ath [30], S4MIL [10], and MambaMIL [32]. The compar-
ison is conducted on 7 challenging pathological tasks across
7 distinct datasets, which cover diverse clinical objectives
(Tab. 1). This comprehensive evaluation demonstrates the
generalizability and robustness of our proposed method.

1
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Figure 3. The implemented datasets and downstream tasks.

The results clearly highlight the superiority of MVH-
MIL. Our method achieves SOTA performance, rank-
ing first on 7 out of the 7 tasks. Specifically, MVH-
MIL achieves the best scores on CAMELYON16 BrMet
(96.9%), TCGA-BRCA HistoDx (86.4%), TCGA-BRCA
IHC-HER?2 (63.4%), TCGA-CESC GRADE (56.1%), and
TCGA-GBM HistoDx (99.3%). It also achieves the joint-
best performance on TCGA-Lung NSCLC (75.7%, tied
with SlideMax) and TCGA-BLCA GRADE (97.7%, tied
with LongNet). Furthermore, for the remaining 3 tasks
where it does not rank first, MVH-MIL consistently secures
the second-best performance, as indicated by the underlined
scores for TCGA-Lung T-Stage (50.9%), TCGA-LGG T-
Stage (77.9%), and TCGA-CESC Lymlnv (70.4%). This
consistent high performance across all evaluated tasks un-
derscores the model’s robustness. Notably, MVH-MIL sig-
nificantly outperformed all other SOTA methods (p < 0.05)
in the Wilcoxon signed-rank test [29], with the only excep-
tion being S4AMIL (p = 0.064). This result validates the
statistical significance of our approach.

4.4. Visualization Analysis

To understand where different methods focus, we visualize
Class Activation Maps (CAMs) using Grad-CAM [3]. We
compare the CAMs of three MVH-MIL variants (MVH-
MIL.,:, MVH-MIL,,,;,, MVH-MIL,4,) with Euclidean-
based methods (Fig. 4). The results show a clear distinction
in focus. Most Euclidean-based methods, such as ABMIL
and GigaPath, produce overly smooth and diffuse heatmaps
that create a halo effect over the entire tissue. Others, like
DSMIL and S4MIL, fail to pinpoint specific critical regions,
showing minimal or no meaningful activation.

In contrast, all the MVH-MILs generate more inter-
pretable CAMs. They successfully identify multi-scale spa-
tial relationships, as their heatmaps are not one uniform,
monolithic blob. Instead, they highlight both broad con-
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TCGA-BRCA TCGA-GBM

TCGA-Lung TCGA-LGG TCGA-BLCA TCGA-CESC TCGA-Lung CAMELYON16 TCGA-BRCA TCGA-CESC

Method HistoDx HistoDx T-Stage T-Stage Grade Grade NSCLC BrMet IHC-HER2 LymInv P-value
SlideAve 81.0 97.2 46.3 745 96.6 52.6 75.1 69.6 61.2 63.0 0.002
SlideMax 80.1 97.9 50.0 705 95.6 474 75.7 96.1 57.9 593 0.008
ABMIL 833 97.9 51.8 71.9 96.6 544 716 93.7 62.8 66.7 0.015
CLAM 78.7 94.4 454 75.8 95.5 544 722 73.4 54.1 66.7 0.002
DSMIL 81.9 97.9 50.0 752 96.6 50.9 734 86.1 59.0 63.0 0.002
TransMIL 81.9 98.6 50.9 745 96.6 50.9 73.4 93.7 59.0 704 0.011
LongNet 80.5 94.5 454 75.8 97.7 50.5 74.6 96.2 55.2 66.7 0.008
GigaPath 84.2 98.6 50.0 758 97.3 50.9 75.1 953 62.8 66.7 0.002
S4MIL 8.4 98.6 51.8 738 96.6 52.6 74.6 93.8 585 74.1 0.064
MambaMIL 833 97.9 50.0 79.2 95.5 50.9 710 953 59.6 63.0 0.006
MVH-MIL 86.4 99.3 50.9 71.9 97.7 56.1 75.7 96.9 63.4 704 -
Table 1. The performance comparison with SOTA methods. Bold: the best result. Underline: the second best result.
Raw Image ABMIL DSMIL CLAM Gigapath S4MIL MVH-MIL,, MVH-MIL,, MVH-MIL, 4

/.
.

A /8
&

Figure 4. Grad-CAM visualization for different MIL methods. Compared to other Euclidean space-based methods, all three MVH-MIL
methods accurately identify the multi-scale spatial relationships among tiles.

textual regions and specific, high-attention focuses. This
structured attention demonstrates a more sophisticated un-
derstanding of the WSI. Notably, MVH-MIL, 44 provides
the most refined visualization, with clean boundaries and a
superior capability to seek pathologically significant areas.

5. Discussion

In this section, we evaluate the effectiveness of each pro-
posed module. We first take out a baseline, SlideViT, based
on ViT [6]. We modify it to fit as the slide-level backbone.
Specifically, the patch embedding module is replaced with
a linear layer to directly take the tile embeddings. The orig-
inal 1D position embedding is also replaced with a 2D Sin-
Cos position embedding from GigaPath [30] to embed the
coordinates of tiles. We then replace its original FFN mod-
ule with our proposed MoWE module, or individually add
the GHS module to evaluate their individual contributions.
These revisions are named SlideMoWE and SlideGHS.

5.1. Mixture of WSI Experts Analysis

5.1.1. Module Ablation

We first evaluate the effectiveness of MoWE (Tab. 2). The
results show that MoWE is a crucial and highly effec-
tive component for improving model performance. It out-
performs the SlideViT in 8 out of 7 downstream tasks,
with notable gains in TCGA-Lung T-Stage (49.1% vs.
47.7%) and TCGA-LGG T-Stage (77.2% vs. 75.8%). This
demonstrates that the dynamic expert routing mechanism
in MoWE is more powerful and adaptive than the static
FFN. This effectiveness is further validated by the training

and validation curves in Fig. 6. Although the training loss
of SlideMoWE is relatively high during comparison, it ex-
hibits the most stable validation curve among all compared
methods, showing strong generalization and excellent resis-
tance to overfitting. Furthermore, the radar chart (Fig. 51i)
confirms that SlidleMoWE achieves a broad and competi-
tive performance profile across diverse tasks. However, the
above results also demonstrate the weakness of individually
implementing MoWE. SlideMoWE is beaten by SlideViT
in 3 of 10 experiments, demonstrating its instability.

5.1.2. Hyperparameter Evaluation

We then compare different hyperparameter settings in
MoWE to evaluate their influence on the model perfor-
mance (Tab. 3). Specifically, we adopt three sets of num-
ber of experts N (N = 4,8,16) in MoWE, each with
corresponding Top-Ks (Top-K < N). Results on three
benchmark datasets and downstream tasks demonstrate that
Top-K = 2 often yields strong results (with maximum
+1.8%, +2.1%, +2.3% on TCGA-Lung, TCGA-BLCA, and
CAMELYONI16, compared to the lowest score in each
task), balancing performance and efficiency. However, its
performance is not consistent across different N. Specifi-
cally, the Top-K = 2, N = 4 setting achieves the best re-
sult on CAMELYON16 (93.8%), yet it underperforms com-
pared to N = 8 and N = 16 settings on TCGA-BLCA
(96.6% vs. 97.7%). This may be due to the different WSI
processing strategies in different datasets, and different at-
tention requirements for different downstream tasks.

On the other hand, IV also shows a complex relationship
with performance. A larger NV does not consistently lead to
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TCGA-BRCA TCGA-GBM TCGA-Lung TCGA-LGG TCGA-BLCA TCGA-CESC TCGA-Lung CAMELYON16 TCGA-BRCA TCGA-CESC

Method HistoDx HistoDx T-Stage T-Stage Grade Grade NSCLC BrMet IHC-HER2 Lymlny  [-value
SlideViT 80.5 972 417 75.8 97.7 474 74.0 93.7 563 66.7 0.008
SlideMoWE 81.9 97.2 49.1 77.2 96.6 45.6 74.6 93.8 56.8 63.0 0.002
SlideGHS 83.3 97.9 445 75.8 96.6 45.6 74.0 922 579 59.3 0.002
MVH-MIL 86.4 99.3 50.9 719 97.7 56.1 75.7 96.9 63.4 70.4
Table 2. Ablations on the proposed MoWE and GHS modules. Bold: the best result. Underline: the second best result.
Training Loss
TCGA-Lung TCGA-BLCA CAMELYON16 "
Top-K NSCLC Grade BrMet o
N=4 N=8 N=16 N=4 N=8 N=16 N=4 N=8 N=I16
0.6
2 746 746 746 96.6 977 977 938 915 915
4 - 746 728 - 97.7 96.6 - 93.0 915 04
8 - - 72.8 - - 95.6 - - 93.0

Table 3. Ablations on different number of experts and Top-K.

(a) ABMIL

(b) DSMIL (c) GigaPath

(f) SlideAve

TCGA-Lung CAMELYON16

TCGA-BLCA _ TCGA-LGG
(NSCLC) (BrMet) (GRADE) (T-Stage)

TCGA-GBM
* (HistoDx)

TCGA-BRCA
(HistoDx)

Figure 5. Performance comparison radar charts.

better results. For instance, when Top-K = 2, increasing
N from 4 to 8 improves the score on TCGA-BLCA (from
96.6% to 97.7%), but significantly degrades it on CAME-
LYON16 (from 93.8% to 91.5%). For TCGA-Lung, the per-
formance remains identical (74.6%) regardless of N. Fur-
thermore, when Top-K = 4, increasing N from 8 to 16
results in a performance drop across all three datasets. This
suggests that simply adding more experts may not be an ef-
fective strategy and can even lead to inefficient expert spe-
cialization, especially when a larger K is also used.

5.2. Hyperbolic Distance Embedding Analysis

Manifold curvature hyp. is the critical component that
determines the geometric structure in the Poincaré ball
model. To investigate how hyp. influences the perfor-
mance of the MVH-MIL variants, we conduct experiments
using 4 different values for this hyperparameter (hyp. €

60
Epochs

Validation Loss

T e

AN, S e

o 20 40 60 80 100
Epochs

—— GigaPath S4MIL
= TransMIL = SlideAve

—— ABMIL
—— DSMIL

SlideMax
—— SlideViT

—— SlideMoWE

Figure 6. Training and validation loss comparison.

{0.05,0.075,0.1,0.2}). Notably, as hyp. — 0, the hy-
perbolic space flattens and collapses to Euclidean space; a
larger hyp. preserves more hyperbolic features in contrast.

Results reveal that the optimal hyp, value is not univer-
sal but is tied to dataset structural properties and variant-
specific inductive biases (Tab. 4). Specifically, hyp, =
{0.05,0.075,0.1,0.2} achieve 8, 14, 14, and 9 optimal
performances on 30 experiments, respectively. Though
dataset and variant-specific, moderate hyp, values (hyp. =
0.075,0.1) tend to show better generalizability. hyp. = 0.1
achieves the best overall performance, with a slight average
performance boost of 0.2% compared with hyp. = 0.075
(75.19% vs. 74.99%). We eventually adopt hyp. = 0.1
based on its superior overall performance.

5.3. Geometric Hybrid Strategy Analysis
5.3.1. Module Ablation

The fusion strategy is critical for deciding the combination
structure of the different geometry distances. We evaluate
the effectiveness of GHS, compare the performance of three
fusion strategies, and further evaluate the generalizability of
GHS on other methods. We first evaluate the effectiveness
of the GHS module (Tab. 2). The results indicate that im-
plementing GHS individually provides mixed and often un-
stable results. While it outperforms the SlideViT baseline
in 3 out of 10 tasks, with notable gains in TCGA-BRCA
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Method hype

TCGA-BRCA TCGA-GBM TCGA-Lung TCGA-LGG TCGA-BLCA TCGA-CESC TCGA-Lung CAMELYON16 TCGA-BRCA TCGA-CESC

HistoDx HistoDx T-Stage T-Stage Grade Grade NSCLC BrMet THC-HER2 LymInv
0.05 81.9 97.9 472 75.8 95.5 50.9 71.0 93.8 61.7 71.4
MVH-MIL. 0.075 81.9 99.3 46.8 732 96.6 474 734 93.8 58.5 70.4
: cat 0.1 81.4 96.5 53.7 71.1 95.5 45.6 71.0 95.3 579 74.1
0.2 81.4 98.6 50.9 725 97.7 56.1 71.0 94.6 60.7 74.1
0.05 81.9 97.9 48.2 725 95.5 47.4 72.8 89.1 58.5 60.4
MVH-MIL. 0.075 82.4 98.6 49.1 73.2 97.7 49.1 74.6 95.3 61.2 66.7
emb 0.1 82.8 98.6 49.1 79.2 96.6 49.1 74.6 95.3 61.2 66.7
0.2 80.5 98.6 48.2 74.5 95.5 49.1 74.6 95.3 56.8 70.4
0.05 86.4 97.9 47.7 73.2 97.7 56.1 75.7 92.2 63.4 63.0
MVH-MIL 0.075 833 99.3 50.0 752 97.7 56.1 722 96.1 60.1 70.4
“add 01 82.4 98.6 50.9 71.9 96.6 56.1 71.6 96.9 59.0 70.4
0.2 81.4 97.9 50.0 76.5 96.6 54.4 71.6 96.9 61.7 66.7
Table 4. Ablations on different fusion methods with different hype.
(83.3% vs. 80.5%) and TCGA-GBM (97.9% vs. 97.2%), TCGA-Lung TCGA-BLCA CAMELYON16
it is outperformed by SlideViT in 5 of the 10 tasks. This Method NSCLC Grade BrMet
demonstrates that hierarchical modeling can be beneficial o/GHS w/GHS o/GHS w/GHS o/GHS w/GHS
for specific tasks but is not a universally stable solution on SlideAve  75.1 78.1 96.6 96.6 69.6 66.7
its own, underscoring the necessity of combining GHS with SlideMax 757 775 956 943 961 752
an adaptive component like MoWE to effectively balance ABMIL 7.6 74.6 266 1.7 3.1 24.6
n adapt pone tvely CLAM 722 722 955 9717 734 907
hierarchical and Euclidean feature representations. DSMIL 734 76.3 9.6 9.6 86.1 94.6
. GigaPath 75.1 76.3 97.3 97.7 95.3 89.9
5.3.2. Strategy Comparison SAMIL 746 734 966 966 938 920

Different fusion strategies also show distinctive perfor-
mance (Tab. 4). Specifically, the overall performance of
MVH-MIL ., is moderate, securing 5 best scores across the
ten experiments, but its unpredictable preference suggests a
potential incompatibility with the Poincaré ball model. Be-
sides, MVH-MIL,,,,; only achieves one best score, showing
the poorest performance of the three fusion methods. Cor-
responding to our analysis, MVH-MIL, 44 achieves six best
scores across the ten experiments. This result demonstrates
its clear superiority, aligning perfectly with the theoretical
underpinnings of the Poincaré ball model. Using Mdbius
addition (é.) is the native, geometrically-aware operation
for vector combination within hyperbolic space. This oper-
ation is natively compatible with the Poincaré distance met-
ric used for optimization.

5.3.3. Generalization Evaluation

We further evaluate the generalizability of GHS as a plug-
and-play module by applying it to seven MIL models
(Tab. 5). The results demonstrate that GHS can significantly
boost the performance of several backbones, although its
impact is task and method dependent. On CAMELYONI16,
GHS provides dramatic performance gains for specific
methods. For example, it improves CLAM from 73.4%
to 90.7% (+17.3%) and DSMIL from 86.1% to 94.6%
(+8.5%). Similarly, on TCGA-Lung, GHS consistently
enhances performance for most methods, notably lifting
SlideAve from 75.1% to 78.1% (+3.0%) and ABMIL from
71.6% to 74.6% (+3.0%). On TCGA-BLCA, where per-
formance is already high, the improvements are more mod-
est but still present, as seen with CLAM (95.5% to 97.7%)
and ABMIL (96.6% to 97.7%). However, we also ob-
serve cases where GHS does not provide a benefit, or even

Table 5. Ablations on the mainstream methods with/without GHS.
o/GHS is the original method. w/GHS implements GHS.

degrades performance, such as with S4MIL on TCGA-
Lung (74.6% to 73.4%) and SlideMax on CAMELYON16
(96.1% to 75.2%). This variability suggests that GHS is
most impactful for methods and tasks where the original
backbone struggles with slide heterogeneity, and its feature-
constraining nature may not be universally beneficial for all
architectures, requiring a compatible structure design.

6. Conclusion

WSI analysis confronts three key challenges: suboptimal
tissue hierarchy representation, global-local feature trade-
off, and tissue heterogeneity, which our MVH-MIL frame-
work addresses. For hierarchical modeling, we leverage
hyperbolic geometry, its exponential distance growth effi-
ciently encodes tree-like pathological structures, reducing
Euclidean space information loss. A hybrid geometric em-
bedding module balances scales by fusing Euclidean (lo-
cal pattern-preserving) and hyperbolic (global hierarchy-
capturing) embeddings via weighted addition. To tackle
heterogeneity, the MOWE module replaces uniform FFNs
with K pathology-specialized experts, using a learnable
router to dynamically assign tokens to optimal experts
for adaptive computation. MVH-MIL achieves SOTA on
7 downstream tasks across 7 datasets, outperforming 10
SOTA methods. Furthermore, the proposed GHS module
and MoWE module are model agnostic and could poten-
tially be adapted to improve other deep learning models,
effectively tackling hierarchical and heterogeneous data.
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