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Abstract

Pathological whole slide images (WSIs) are fundamental in001
pathology analysis, but their massive image scale and sub-002
tle morphological features demand highly trained and ex-003
perienced pathologists. Deep learning techniques have thus004
been applied to assist pathologists; however, three key chal-005
lenges remain in WSI analysis: (i) suboptimal geometric006
representation, as conventional embeddings inadequately007
model the intrinsic hierarchical tissue ontologies; (ii) a geo-008
metric trade-off between capturing global hierarchy context009
and preserving local discriminative detail, which hampers010
multi-scale reasoning; and (iii) inefficient, homogeneous011
computation pipelines that fail to accommodate patholog-012
ical heterogeneity. Existing methods offer limited improve-013
ments, as they rely on a single geometric paradigm or ho-014
mogeneous computations. We propose MVH-MIL, a novel015
geometric-aware hierarchical framework for WSI analy-016
sis that: (1) introduces hyperbolic embeddings to natu-017
rally model the global, tree-like organization of patholog-018
ical structures; (2) employs a Hybrid Geometric Embed-019
ding strategy that synergistically combines hyperbolic rep-020
resentations with Euclidean embeddings; and (3) integrates021
a Mixture of WSI Experts (MoWE) module that adaptively022
routes tissue-specific tokens to specialized sub-networks023
for efficient, expert-driven handling of pathological hetero-024
geneity. Across 7 WSI datasets spanning 7 cancer types,025
MVH-MIL consistently improves performance over strong026
state-of-the-art backbones. Extensive experiments demon-027
strate that MVH-MIL provides a route for a more robust028
and scalable approach to efficient digital pathology model-029
ing. The project will be open-sourced.030

1. Introduction031

Accurate cancer diagnosis and subsequent treatment plan-032
ning hinge on pathological interpretation, the gold standard033
for identifying disease from microscopic images [11]. With034
the rise of digital pathology, tissue biopsies are now com-035
monly scanned into gigapixel-scale Whole Slide Images036

(a) WSI in Euclidean Distance
 

(b) WSI in Hyperbolic Distance

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- 037
tion. Despite their richness in information, the sheer size of 038
these images (e.g., 60, 000×80, 000 pixels) presents a major 039
bottleneck. Manual WSI review is an arduous task demand- 040
ing highly specialized expertise, which introduces the risk 041
of inconsistent and variable diagnostic outcomes [20]. Fur- 042
thermore, their massive spatial scale, high morphological 043
heterogeneity, and inherent hierarchical organization (cells 044
to entire slides) pose major barriers to automated analy- 045
sis [9, 12]. To address these challenges, Multiple Instance 046
Learning (MIL) is adopted as a dominant framework for 047
WSI analysis [24, 33]. It tackles gigapixel scale by parti- 048
tioning WSIs into small tiles (e.g., 224×224 pixels) and us- 049
ing embeddings to compress the features. In MIL, a founda- 050
tion model (e.g., CONCH [22]) first converts tile latent rep- 051
resentations into embeddings, and a slide-level model (e.g., 052
ABMIL [14]) then aggregates these embeddings for slide- 053
level predictions. Though practical, current MIL methods 054
struggle to balance three critical requirements: 055

1) Hierarchical modeling capability [23]. The intrin- 056
sic hierarchical nature of WSIs poses challenges for rep- 057
resentation in Euclidean space, which is commonly used 058
by traditional slide-level methods [14, 30]. The Euclidean 059
metric alone is suboptimal for capturing complex spatial 060

1



CVPR
#11826

CVPR
#11826

CVPR 2026 Submission #11826. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

FFN
Softmax

Router

.45 .05 .19 .31

FFN4FFN3FFN2FFN1

(b) Mixture of WSI Experts (MoWE)

Input (Whole Slide Image)

Divide

Position Em
bedding

Layer N
orm

Layer N
orm

M
oW

E

M
H

A

M
TL M

odule

V
isual Feature

Tile-level Encoder

…

…

Hyperbolic Manifold
Hyperbolic Distance

Log Map

(c) Hyperbolic Distance Embedding (HDE)
Euclidean Distance

A

B

Euclidean Space

NSCLC

AJCC

HD

Grade

OS Status

TIP

…

GHS

GHS

GHS

GHS

GHS

GHS

…

HDE

HDE

HDE

HDE

HDE

…

HDE

Euclidean Embedding

Hyperbolic Embedding

Concatenation

concat

Linear

Logarithm

Weighted addition
Euclidean Embedding

Hyperbolic Embedding

add

             

Logarithm

(d) Geometric Hybrid Strategy (GHS)

2 ×Blocks

Linear

Projection

   
Map

Euclidean Embedding

Hyperbolic Embedding

(a) WSI Pre-processing 
and Embedding

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-061
proaches to model structural hierarchies, ranging from indi-062
vidual cells to glands and large tissue architecture (Fig. 1).063

2) Efficient homogeneous computation [34]. Features064
in pathology images are highly heterogeneous. Diagnostic065
regions of interest are typically small and dispersed within066
extensive areas of benign or irrelevant tissues. Existing067
methods [27, 28] apply uniform computation across entire068
slides, failing to adapt to this variability and wasting sub-069
stantial resources on trivial regions.070

3) Multi-scale reasoning [25]. WSI analysis requires071
the simultaneous understanding of high-level tissue archi-072
tecture and fine-grained cellular morphology. The geomet-073
ric trade-off limits the ability of current methods [21, 34]074
to effectively capture global hierarchical context while pre-075
serving locally discriminative details. It also impedes the076
integration of information across spatial scales.077

To address these requirements, we propose Mixture Vi-078
sual Hierarchy MIL (MVH-MIL) (Fig. 2), a novel MIL079
framework for WSI analysis with three key contributions:080

1) We introduce hyperbolic embeddings modeled in081
the Poincaré ball [17, 31] leveraging the unique abil-082
ity of hyperbolic geometry to represent hierarchical tis-083
sue structures. 2) We integrate a dynamic sparse activa-084
tion mechanism into a Vision Transformer (ViT) to en-085
able computation-aware feature extraction. It adaptively086
focuses computational resources on diagnostically relevant087
regions, improving efficiency while preserving feature dis-088
criminability. 3) We employ a hybrid embedding strategy089
that integrates hyperbolic embeddings with Euclidean em-090
beddings, utilizing Euclidean space to preserve local mor-091
phological details and achieve a unified representation of092
multi-scale contextual information.093

Experiments on 7 downstream tasks over 10 state-of-094
the-art (SOTA) methods across 7 WSI datasets, and prove095

MVH-MIL’s resilience and flexibility. In summary, by in- 096
tegrating pathology-aware inductive biases and employing 097
a targeted hybrid geometric embedding strategy, our frame- 098
work effectively meets the core requirements in WSI anal- 099
ysis with superior overall performance. 100

2. Related Works 101

2.1. Multiple Instance Learning 102

Deep learning for WSI analysis has evolved toward a two- 103
stage MIL paradigm, separating tile-level feature extraction 104
from slide-level aggregation. Early approaches, such as 105
SlideAve (averaging) and SlideMax (max-pooling), adopted 106
simplistic aggregation schemes that either diluted critical 107
signals or amplified noise. To address this, attention-based 108
methods like ABMIL [14] and CLAM [21] became cen- 109
tral, using adaptive weighting to prioritize informative tiles. 110
Further refinements like DTFD-MIL [34] and DSMIL [19] 111
used feature distillation and contrastive learning, respec- 112
tively. However, these attention-driven models failed to 113
solve the spatial context problem, struggling to capture 114
inter-tile relationships. To solve this spatial limitation, 115
TransMIL [27] used transformers to encode tile relation- 116
ships. This introduced new issues: poor modeling of hi- 117
erarchical features and a computational bottleneck from 118
quadratic attention. Research then focused on this bot- 119
tleneck, splitting into two branches. One branch applies 120
large backbones like LongNet in GigaPath [30], remaining 121
memory-intensive and monolithic. The other branch, State 122
Space Models (SSMs), captures long-range dependencies 123
with linear or sub-quadratic complexity. Representatives 124
includes MambaMIL [32] and PathRWKV [2]. While both 125
branches improve efficiency, they converge on the same un- 126
resolved problem: their monolithic designs are ill-equipped 127
to model the diverse and heterogeneous feature distributions 128
found in WSIs. 129
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2.2. Mixture of Experts in Transformers130

The Mixture of Experts (MoE) paradigm has re-emerged131
as a leading approach for scaling Transformer models be-132
yond the limits of dense computation. It replaces the stan-133
dard dense Feed-Forward Network (FFN) layers with mul-134
tiple parallel ”expert” FFNs. For each input token, a sparse135
subset of these experts (e.g., the Top-1 or Top-2) are dy-136
namically selected by a lightweight gating network called137
router. This conditional computation mechanism decouples138
the model’s total parameter count from its computational139
cost. It allows for a massive increase in model capacity140
while keeping the computational cost for inference con-141
stant. The resurgence was pioneered by GShard-M4 [18],142
which first successfully applied MoE to scale Transform-143
ers for machine translation. Building on this, the Switch144
Transformer [8] significantly simplified the architecture by145
using a Top-1 routing strategy, and introduced an auxil-146
iary load balancing loss to ensure stable training and pre-147
vent expert collapse. More recently, models like Mixtral148
8x7B [15] have demonstrated the power of Top-K routing.149
They achieve superior performance by combining the out-150
puts of the two best-scoring experts. MoE has also proven151
effective beyond language, as Vision MoE [26] successfully152
adapted it to the Vision Transformer by routing individ-153
ual image patches, confirming MoE’s status as a general-154
purpose scaling solution.155

2.3. Hyperbolic Space156

Previous MIL methods generally rely on Euclidean geome-157
try. This is considered ”geometrically suboptimal” for WSI158
representation [13], as it fails to capture the intrinsic hi-159
erarchical organization of WSIs (Fig. 1a). To better mod-160
eling these structures, hyperbolic geometry has been pro-161
posed as an effective alternative [13, 17, 31]. Specifically,162
hyperbolic spaces (e.g., the Poincaré ball [31]) exhibit expo-163
nential volume growth, which is well-suited for embedding164
tree-like, hierarchical data. This matches the features in165
WSIs (Fig. 1b). Recent works such as HyperPath [13] and166
HVHM [17] have leveraged hyperbolic neural networks to167
model these tissue hierarchies, enabling an improved repre-168
sentation of structural organization. However, these meth-169
ods often face a fundamental geometric trade-off [7, 25]:170
while hyperbolic space excels at capturing global hierarchy,171
it distorts fine-grained local and discriminative features that172
are better preserved in Euclidean space. This trade-off cre-173
ates the need to jointly model global hierarchy and local174
details.175

3. Methods176

3.1. WSI Pre-processing and Embedding177

A WSI I is first loaded at a specific microns-per-pixel178
(mpp) resolution and subsequently tessellated into a non-179

overlapping grid of tiles {Ti,j}, each of size Ts (Fig. 2a). To 180
ensure the quality of these tiles, a two-step screening pro- 181
cess is applied. First, tiles are discarded if their tissue con- 182
tent is below a predefined threshold (e.g., < 70% area cov- 183
erage). Second, tiles are eliminated if their pixel variance 184
is beneath a quantitative cutoff (e.g., V ar(I) < 0.05, with 185
I as the pixel intensity normalized to the [0,1] range). This 186
ensures only informative tiles proceed to the next stage. 187

Each valid tile is then converted into a compact, semantic 188
feature vector via a pathological foundation model (e.g., Gi- 189
gaPath [30]). This feature extraction step serves to improve 190
both the training efficiency and the overall performance of 191
the downstream slide-level backbone (e.g., TransMIL [27]). 192

3.2. Mixture of WSI Experts 193

The slide-level backbone is based on ViT [6], with the major 194
modification on its FFN component. A basic FFN processes 195
the same transformation for each tile embedding hi: 196

FFN(hi) = GELU(hiW1 + b1)W2 + b2 (1) 197

This is incompatible with the heterogeneous nature of WSI, 198
ignoring its diverse semantic properties. To address this, 199
we adapt the concept of Mixture-of-Experts (MoE) [26] to 200
computational pathology by proposing the Mixture of WSI 201
Experts (MoWE) (Fig. 2b). This layer replaces the dense 202
FFN with K specialized expert networks {E1, E2, ..., EK}, 203
each learning distinct pathological patterns. However, com- 204
puting all K experts for every token hi (a ”dense” MoE) 205
is computationally prohibitive. Instead, MoWE implements 206
a sparse, Top-K routing strategy. A single, learnable rout- 207
ing network R (implemented as a single linear layer) first 208
computes K gating logits li ∈ RK for each token hi: 209

li = R(hi) = hiWg (2) 210

where Wg is the router’s weight matrix. Next, rather than 211
directly implement softmax as MoE, we use a Top-K oper- 212
ation to select the indices I of the Top-K experts: 213

I, li,k = Top-K(li, k) k ≪ K (3) 214

where I = {j1, . . . , jk} is the set of chosen expert indices 215
and li,k are their corresponding logits. We calculate the gat- 216
ing weights wi by applying softmax only to these k logits: 217

wi = Softmax(li,k) (4) 218

The final output MoWE(hi) is the sparsely weighted sum 219
of only the k activated experts: 220

MoWE(hi) =
∑
j∈I

wi,j · Ej(hi) (5) 221

This sparse approach significantly reduces computational 222
cost, as only k experts are computed. It also maintains high 223
model capacity with a large K. 224
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Additionally, we introduce the auxiliary loss Laux during225
training to prevent expert collapse, where the router over-226
whelmingly favors a few experts. It encourages the router to227
distribute tokens evenly across all K experts. This is based228
on the fraction of tokens fi routed to expert i, and the mean229
routing probability Pi for that expert across the batch:230

Laux = α ·
K∑
i=1

fi · Pi (6)231

where α is a hyperparameter. Laux is added to the main232
model loss and optimized jointly.233

3.3. Hyperbolic Distance Embedding234

We adopt hyperbolic distance embedding (HDE) (Fig. 2c)235
on the output from the slide-level backbone, additionally236
modeling the features from a broader scale. Existing MIL237
methods [14, 19, 21, 30] often operate in Euclidean space238
(Fig. 1a), measuring similarity via the L2 norm:239

Deuc(x,y) = ∥x− y∥2 =

√√√√ n∑
i=1

(xi − yi)2 (7)240

This geometry excels at modeling local discriminative241
patterns but misaligns with the intrinsic, multi-scale hierar-242
chy of WSIs. To address this, we adopt hyperbolic space243
via the Poincaré ball model Mn

c , a principled alternative for244
embedding hierarchies. Its distance metric Dhyp is derived245
from Möbius addition (⊕c):246

Dhyp(x,y) =
2√
c

arctanh
(√

c
∥∥− x⊕c y

∥∥) (8)247

x⊕cy =
(1 + 2c⟨x,y⟩+ c∥y∥2)x+ (1− c∥x∥2)y

1 + 2c⟨x,y⟩+ c2∥x∥2∥y∥2
(9)248

This projection is a form of manifold learning, embed-249
ding hierarchical tissue structures from Euclidean space250
onto a hyperbolic manifold. It scales exponentially251
(O(ecr)), unlike polynomial Euclidean growth (O(rn)),252
preserving their intrinsic geometry.253

3.4. Geometric Hybrid Strategy254

The global advantage of HDE introduces a local trade-255
off. Hyperbolic geometry’s reliance on a conformal factor,256
λc = 2

1−c∥x∥2 , can destabilize fine-grained local features.257

The critical dichotomy of global hierarchical capacity ver-258
sus local feature preservation motivates our geometric fu-259
sion. This is based on the premise that hyperbolic geometry260
Dhyp generalizes Euclidean geometry Deuc when c → 0:261

lim
c→0

Dhyp(x,y) = 2∥x− y∥ (10)262

This demonstrates the mathematical continuity between 263
the two geometries. We therefore propose three distinctive 264
fusion strategies: 265
Concatenation: With identical (zE , zH) embeddings, fu- 266
sion can be performed using concatenation ⊕: 267

zconcat = [zE ⊕ logc
0(zH)], (11) 268

this method preserves complete geometric information 269
while expanding dimensionality to 2m, followed by a lin- 270
ear layer to compress the channel dimension back to m. 271
Projection: For hi, hj ∈ Rd, we compute dE(hi, hj) = 272
∥hi − hj∥2 and their hyperbolic embeddings zHi

= 273
expc0(WHhi), zHj

= expc0(WHhj) in Hm
c . The fused dis- 274

tance df is: 275

df(hi, hj) = dH(zHi , zHj ) ·
(
1 + γ · ϕ

(
dE(hi, hj)

σE

))
(12) 276

where dH(·, ·) denotes the Poincaré distance in Hm
c , σE is 277

the dataset’s Euclidean scale, and γ is a learnable intensity. 278
The projection function ϕ : R → [0, 1] employs a tem- 279
pered sigmoid activation, with learnable centering parame- 280
ter µ and temperature κ controlling the transition sharpness: 281

ϕ(x) =
1

1 + e−κ(x−µ)
, (13) 282

The Poincaré distance exhibits exponential growth with the 283
embedding radius: 284

dH(zHi , zHj ) = arcosh
(
1 + 2

∥zHi
− zHj

∥2

(1− ∥zHi
∥2)(1− ∥zHj

∥2)

)
(14) 285

Weighted addition: For a tile-level feature h ∈ Rd, the 286
hybrid embedding (zE , zH) combines zE = WEh ∈ 287
Em and zH = expc0(WHh) ∈ Hm

c , where expc0(v) = 288

tanh(
√
c∥v∥

2 ) v√
c∥v∥ . The fused representation is: 289

z = α · zE + (1− α) · logc0(zH), (15) 290

where α is a learnable gate, balancing the geometries via 291
the inverse log mapping (logc

0). Element-wise summation 292
preserves dimensionality for cross-geometric refinement. 293

These strategies represent three distinct fusion philoso- 294
phies. In our empirical evaluations, weighted addition was 295
ultimately adopted as the geometric hybrid strategy (GHS) 296
(Fig. 2d). It avoids deferring the complex integration bur- 297
den to a subsequent linear layer, as concatenation does. It 298
also doesn’t limit the fusion’s scope purely to distance com- 299
putation, as projection does. Instead, this strategy projects 300
the hyperbolic representation carrying hierarchical context 301
back to its tangent space via the logarithmic map (logc

0). It 302
also performs a direct, learnable interpolation with the Eu- 303
clidean representation carrying local details. This process 304
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yields a unified feature representation that most effectively305
coordinates the strengths of both geometries. It aligns per-306
fectly with the intrinsic multi-scale nature of WSI analysis.307

4. Experiment308

4.1. Datasets and Downstream Tasks309

We validate MVH-MIL on 7 core downstream tasks across310
7 WSI datasets, covering diverse diagnostic scenarios in311
computational pathology (Fig. 3). The CAMELYON16312
[1] dataset with the Breast Metastasis (BrMet) task clas-313
sifies lymph nodes as normal or tumorous. The TCGA [4]314
datasets evaluate multiple diverse diagnostic tasks. Specifi-315
cally, TCGA-Lung performs classification of subtypes of316
non-small cell lung cancer (NSCLC) and predicts the317
AJCC-defined tumor staging (T-Stage), a metric reflect-318
ing the tumor’s local progression. For Histological Diagno-319
sis (HistoDx) tasks, TCGA-BRCA classifies breast cancer320
subtypes and TCGA-GBM diagnoses brain cancer based321
on morphological patterns. Meanwhile, TCGA-BRCA322
predicts HER2 (IHC-HER2) expression status from WSIs323
to assess suitability for targeted therapy. For Cancer Grad-324
ing (Grade) tasks, TCGA-BLCA and TCGA-CESC per-325
form on bladder and cervical tissues respectively, determin-326
ing tumor differentiation levels. And TCGA-CESC dataset327
with the Lymphovascular Invasion (LymInv) task identi-328
fies the presence of cancer invasion into lymphatic or vas-329
cular channels. The TCGA-LGG dataset with the T-Stage330
task predicts brain tumors staging.331

4.2. Implementation Details332

All models were uniformly initialized without pre-training.333
The training regimen included a 20-epoch linear warm-334
up, followed by 80 epochs optimized via Adam [16], with335
the learning rate decayed to 0.01× its initial value us-336
ing a cosine schedule. We adopted hyperparameter search337
over three orders of magnitude (1 × 10−4, 1 × 10−5, and338
1 × 10−6), and reported the best performance for each339
model. We set Batchsize = 4, with SampMax = 2, 000340
per WSI. Experiments were conducted on 4 NVIDIA RTX341
4090 and 2 NVIDIA H100, using Python 3.10.16, PyTorch342
2.4.0, and CUDA 12.1. The pipeline is supported by Un-343
Puzzle [20].344

4.3. Comparison with SOTA Methods345

We compared MVH-MIL against 2 baselines: SlideAve and346
SlideMax, and 8 SOTA methods: ABMIL [14], CLAM347
[21], DSMIL [19], TransMIL [27], LongNet [5], GigaP-348
ath [30], S4MIL [10], and MambaMIL [32]. The compar-349
ison is conducted on 7 challenging pathological tasks across350
7 distinct datasets, which cover diverse clinical objectives351
(Tab. 1). This comprehensive evaluation demonstrates the352
generalizability and robustness of our proposed method.353
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Figure 3. The implemented datasets and downstream tasks.

The results clearly highlight the superiority of MVH- 354
MIL. Our method achieves SOTA performance, rank- 355
ing first on 7 out of the 7 tasks. Specifically, MVH- 356
MIL achieves the best scores on CAMELYON16 BrMet 357
(96.9%), TCGA-BRCA HistoDx (86.4%), TCGA-BRCA 358
IHC-HER2 (63.4%), TCGA-CESC GRADE (56.1%), and 359
TCGA-GBM HistoDx (99.3%). It also achieves the joint- 360
best performance on TCGA-Lung NSCLC (75.7%, tied 361
with SlideMax) and TCGA-BLCA GRADE (97.7%, tied 362
with LongNet). Furthermore, for the remaining 3 tasks 363
where it does not rank first, MVH-MIL consistently secures 364
the second-best performance, as indicated by the underlined 365
scores for TCGA-Lung T-Stage (50.9%), TCGA-LGG T- 366
Stage (77.9%), and TCGA-CESC LymInv (70.4%). This 367
consistent high performance across all evaluated tasks un- 368
derscores the model’s robustness. Notably, MVH-MIL sig- 369
nificantly outperformed all other SOTA methods (p < 0.05) 370
in the Wilcoxon signed-rank test [29], with the only excep- 371
tion being S4MIL (p = 0.064). This result validates the 372
statistical significance of our approach. 373

4.4. Visualization Analysis 374

To understand where different methods focus, we visualize 375
Class Activation Maps (CAMs) using Grad-CAM [3]. We 376
compare the CAMs of three MVH-MIL variants (MVH- 377
MILcat, MVH-MILemb, MVH-MILadd) with Euclidean- 378
based methods (Fig. 4). The results show a clear distinction 379
in focus. Most Euclidean-based methods, such as ABMIL 380
and GigaPath, produce overly smooth and diffuse heatmaps 381
that create a halo effect over the entire tissue. Others, like 382
DSMIL and S4MIL, fail to pinpoint specific critical regions, 383
showing minimal or no meaningful activation. 384

In contrast, all the MVH-MILs generate more inter- 385
pretable CAMs. They successfully identify multi-scale spa- 386
tial relationships, as their heatmaps are not one uniform, 387
monolithic blob. Instead, they highlight both broad con- 388
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Method TCGA-BRCA TCGA-GBM TCGA-Lung TCGA-LGG TCGA-BLCA TCGA-CESC TCGA-Lung CAMELYON16 TCGA-BRCA TCGA-CESC P-valueHistoDx HistoDx T-Stage T-Stage Grade Grade NSCLC BrMet IHC-HER2 LymInv

SlideAve 81.0 97.2 46.3 74.5 96.6 52.6 75.1 69.6 61.2 63.0 0.002
SlideMax 80.1 97.9 50.0 70.5 95.6 47.4 75.7 96.1 57.9 59.3 0.008
ABMIL 83.3 97.9 51.8 77.9 96.6 54.4 71.6 93.7 62.8 66.7 0.015
CLAM 78.7 94.4 45.4 75.8 95.5 54.4 72.2 73.4 54.1 66.7 0.002
DSMIL 81.9 97.9 50.0 75.2 96.6 50.9 73.4 86.1 59.0 63.0 0.002
TransMIL 81.9 98.6 50.9 74.5 96.6 50.9 73.4 93.7 59.0 70.4 0.011
LongNet 80.5 94.5 45.4 75.8 97.7 50.5 74.6 96.2 55.2 66.7 0.008
GigaPath 84.2 98.6 50.0 75.8 97.3 50.9 75.1 95.3 62.8 66.7 0.002
S4MIL 81.4 98.6 51.8 73.8 96.6 52.6 74.6 93.8 58.5 74.1 0.064
MambaMIL 83.3 97.9 50.0 79.2 95.5 50.9 71.0 95.3 59.6 63.0 0.006
MVH-MIL 86.4 99.3 50.9 77.9 97.7 56.1 75.7 96.9 63.4 70.4 -

Table 1. The performance comparison with SOTA methods. Bold: the best result. Underline: the second best result.
Raw Image GigapathABMIL  MVH-MILcatDSMIL  MVH-MILaddCLAM  MVH-MILembS4MIL

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. This389
structured attention demonstrates a more sophisticated un-390
derstanding of the WSI. Notably, MVH-MILadd provides391
the most refined visualization, with clean boundaries and a392
superior capability to seek pathologically significant areas.393

5. Discussion394

In this section, we evaluate the effectiveness of each pro-395
posed module. We first take out a baseline, SlideViT, based396
on ViT [6]. We modify it to fit as the slide-level backbone.397
Specifically, the patch embedding module is replaced with398
a linear layer to directly take the tile embeddings. The orig-399
inal 1D position embedding is also replaced with a 2D Sin-400
Cos position embedding from GigaPath [30] to embed the401
coordinates of tiles. We then replace its original FFN mod-402
ule with our proposed MoWE module, or individually add403
the GHS module to evaluate their individual contributions.404
These revisions are named SlideMoWE and SlideGHS.405

5.1. Mixture of WSI Experts Analysis406

5.1.1. Module Ablation407

We first evaluate the effectiveness of MoWE (Tab. 2). The408
results show that MoWE is a crucial and highly effec-409
tive component for improving model performance. It out-410
performs the SlideViT in 8 out of 7 downstream tasks,411
with notable gains in TCGA-Lung T-Stage (49.1% vs.412
47.7%) and TCGA-LGG T-Stage (77.2% vs. 75.8%). This413
demonstrates that the dynamic expert routing mechanism414
in MoWE is more powerful and adaptive than the static415
FFN. This effectiveness is further validated by the training416

and validation curves in Fig. 6. Although the training loss 417
of SlideMoWE is relatively high during comparison, it ex- 418
hibits the most stable validation curve among all compared 419
methods, showing strong generalization and excellent resis- 420
tance to overfitting. Furthermore, the radar chart (Fig. 5i) 421
confirms that SlideMoWE achieves a broad and competi- 422
tive performance profile across diverse tasks. However, the 423
above results also demonstrate the weakness of individually 424
implementing MoWE. SlideMoWE is beaten by SlideViT 425
in 3 of 10 experiments, demonstrating its instability. 426

5.1.2. Hyperparameter Evaluation 427

We then compare different hyperparameter settings in 428
MoWE to evaluate their influence on the model perfor- 429
mance (Tab. 3). Specifically, we adopt three sets of num- 430
ber of experts N (N = 4, 8, 16) in MoWE, each with 431
corresponding Top-Ks (Top-K < N ). Results on three 432
benchmark datasets and downstream tasks demonstrate that 433
Top-K = 2 often yields strong results (with maximum 434
+1.8%, +2.1%, +2.3% on TCGA-Lung, TCGA-BLCA, and 435
CAMELYON16, compared to the lowest score in each 436
task), balancing performance and efficiency. However, its 437
performance is not consistent across different N . Specifi- 438
cally, the Top-K = 2, N = 4 setting achieves the best re- 439
sult on CAMELYON16 (93.8%), yet it underperforms com- 440
pared to N = 8 and N = 16 settings on TCGA-BLCA 441
(96.6% vs. 97.7%). This may be due to the different WSI 442
processing strategies in different datasets, and different at- 443
tention requirements for different downstream tasks. 444

On the other hand, N also shows a complex relationship 445
with performance. A larger N does not consistently lead to 446
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Method TCGA-BRCA TCGA-GBM TCGA-Lung TCGA-LGG TCGA-BLCA TCGA-CESC TCGA-Lung CAMELYON16 TCGA-BRCA TCGA-CESC P-valueHistoDx HistoDx T-Stage T-Stage Grade Grade NSCLC BrMet IHC-HER2 LymInv

SlideViT 80.5 97.2 47.7 75.8 97.7 47.4 74.0 93.7 56.3 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 44.5 75.8 96.6 45.6 74.0 92.2 57.9 59.3 0.002
MVH-MIL 86.4 99.3 50.9 77.9 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.

Top-K
TCGA-Lung TCGA-BLCA CAMELYON16

NSCLC Grade BrMet

N=4 N=8 N=16 N=4 N=8 N=16 N=4 N=8 N=16

2 74.6 74.6 74.6 96.6 97.7 97.7 93.8 91.5 91.5
4 - 74.6 72.8 - 97.7 96.6 - 93.0 91.5
8 - - 72.8 - - 95.6 - - 93.0

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

Figure 5. Performance comparison radar charts.

better results. For instance, when Top-K = 2, increasing447
N from 4 to 8 improves the score on TCGA-BLCA (from448
96.6% to 97.7%), but significantly degrades it on CAME-449
LYON16 (from 93.8% to 91.5%). For TCGA-Lung, the per-450
formance remains identical (74.6%) regardless of N . Fur-451
thermore, when Top-K = 4, increasing N from 8 to 16452
results in a performance drop across all three datasets. This453
suggests that simply adding more experts may not be an ef-454
fective strategy and can even lead to inefficient expert spe-455
cialization, especially when a larger K is also used.456

5.2. Hyperbolic Distance Embedding Analysis457

Manifold curvature hypc is the critical component that458
determines the geometric structure in the Poincaré ball459
model. To investigate how hypc influences the perfor-460
mance of the MVH-MIL variants, we conduct experiments461
using 4 different values for this hyperparameter (hypc ∈462
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0.0
0 10020 40 60 80

3.0

2.5

2.0

1.5
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0.5

Epochs
0 10020 40 60 80

Figure 6. Training and validation loss comparison.

{0.05, 0.075, 0.1, 0.2}). Notably, as hypc → 0, the hy- 463
perbolic space flattens and collapses to Euclidean space; a 464
larger hypc preserves more hyperbolic features in contrast. 465

Results reveal that the optimal hypc value is not univer- 466
sal but is tied to dataset structural properties and variant- 467
specific inductive biases (Tab. 4). Specifically, hypc = 468
{0.05, 0.075, 0.1, 0.2} achieve 8, 14, 14, and 9 optimal 469
performances on 30 experiments, respectively. Though 470
dataset and variant-specific, moderate hypc values (hypc = 471
0.075, 0.1) tend to show better generalizability. hypc = 0.1 472
achieves the best overall performance, with a slight average 473
performance boost of 0.2% compared with hypc = 0.075 474
(75.19% vs. 74.99%). We eventually adopt hypc = 0.1 475
based on its superior overall performance. 476

5.3. Geometric Hybrid Strategy Analysis 477

5.3.1. Module Ablation 478

The fusion strategy is critical for deciding the combination 479
structure of the different geometry distances. We evaluate 480
the effectiveness of GHS, compare the performance of three 481
fusion strategies, and further evaluate the generalizability of 482
GHS on other methods. We first evaluate the effectiveness 483
of the GHS module (Tab. 2). The results indicate that im- 484
plementing GHS individually provides mixed and often un- 485
stable results. While it outperforms the SlideViT baseline 486
in 3 out of 10 tasks, with notable gains in TCGA-BRCA 487
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Method hypc
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 IHC-HER2 LymInv

MVH-MILcat

0.05 81.9 97.9 47.2 75.8 95.5 50.9 71.0 93.8 61.7 71.4
0.075 81.9 99.3 46.8 73.2 96.6 47.4 73.4 93.8 58.5 70.4

0.1 81.4 96.5 53.7 71.1 95.5 45.6 71.0 95.3 57.9 74.1
0.2 81.4 98.6 50.9 72.5 97.7 56.1 71.0 94.6 60.7 74.1

MVH-MILemb

0.05 81.9 97.9 48.2 72.5 95.5 47.4 72.8 89.1 58.5 60.4
0.075 82.4 98.6 49.1 73.2 97.7 49.1 74.6 95.3 61.2 66.7

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

MVH-MILadd

0.05 86.4 97.9 47.7 73.2 97.7 56.1 75.7 92.2 63.4 63.0
0.075 83.3 99.3 50.0 75.2 97.7 56.1 72.2 96.1 60.1 70.4

0.1 82.4 98.6 50.9 77.9 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 hypc.

(83.3% vs. 80.5%) and TCGA-GBM (97.9% vs. 97.2%),488
it is outperformed by SlideViT in 5 of the 10 tasks. This489
demonstrates that hierarchical modeling can be beneficial490
for specific tasks but is not a universally stable solution on491
its own, underscoring the necessity of combining GHS with492
an adaptive component like MoWE to effectively balance493
hierarchical and Euclidean feature representations.494

5.3.2. Strategy Comparison495

Different fusion strategies also show distinctive perfor-496
mance (Tab. 4). Specifically, the overall performance of497
MVH-MILcat is moderate, securing 5 best scores across the498
ten experiments, but its unpredictable preference suggests a499
potential incompatibility with the Poincaré ball model. Be-500
sides, MVH-MILemb only achieves one best score, showing501
the poorest performance of the three fusion methods. Cor-502
responding to our analysis, MVH-MILadd achieves six best503
scores across the ten experiments. This result demonstrates504
its clear superiority, aligning perfectly with the theoretical505
underpinnings of the Poincaré ball model. Using Möbius506
addition (⊕c) is the native, geometrically-aware operation507
for vector combination within hyperbolic space. This oper-508
ation is natively compatible with the Poincaré distance met-509
ric used for optimization.510

5.3.3. Generalization Evaluation511

We further evaluate the generalizability of GHS as a plug-512
and-play module by applying it to seven MIL models513
(Tab. 5). The results demonstrate that GHS can significantly514
boost the performance of several backbones, although its515
impact is task and method dependent. On CAMELYON16,516
GHS provides dramatic performance gains for specific517
methods. For example, it improves CLAM from 73.4%518
to 90.7% (+17.3%) and DSMIL from 86.1% to 94.6%519
(+8.5%). Similarly, on TCGA-Lung, GHS consistently520
enhances performance for most methods, notably lifting521
SlideAve from 75.1% to 78.1% (+3.0%) and ABMIL from522
71.6% to 74.6% (+3.0%). On TCGA-BLCA, where per-523
formance is already high, the improvements are more mod-524
est but still present, as seen with CLAM (95.5% to 97.7%)525
and ABMIL (96.6% to 97.7%). However, we also ob-526
serve cases where GHS does not provide a benefit, or even527

Method
TCGA-Lung TCGA-BLCA CAMELYON16

NSCLC Grade BrMet

o/GHS w/GHS o/GHS w/GHS o/GHS w/GHS

SlideAve 75.1 78.1 96.6 96.6 69.6 66.7
SlideMax 75.7 77.5 95.6 94.3 96.1 75.2
ABMIL 71.6 74.6 96.6 97.7 93.7 94.6
CLAM 72.2 72.2 95.5 97.7 73.4 90.7
DSMIL 73.4 76.3 96.6 96.6 86.1 94.6
GigaPath 75.1 76.3 97.3 97.7 95.3 89.9
S4MIL 74.6 73.4 96.6 96.6 93.8 92.0

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- 528
Lung (74.6% to 73.4%) and SlideMax on CAMELYON16 529
(96.1% to 75.2%). This variability suggests that GHS is 530
most impactful for methods and tasks where the original 531
backbone struggles with slide heterogeneity, and its feature- 532
constraining nature may not be universally beneficial for all 533
architectures, requiring a compatible structure design. 534

6. Conclusion 535

WSI analysis confronts three key challenges: suboptimal 536
tissue hierarchy representation, global-local feature trade- 537
off, and tissue heterogeneity, which our MVH-MIL frame- 538
work addresses. For hierarchical modeling, we leverage 539
hyperbolic geometry, its exponential distance growth effi- 540
ciently encodes tree-like pathological structures, reducing 541
Euclidean space information loss. A hybrid geometric em- 542
bedding module balances scales by fusing Euclidean (lo- 543
cal pattern-preserving) and hyperbolic (global hierarchy- 544
capturing) embeddings via weighted addition. To tackle 545
heterogeneity, the MoWE module replaces uniform FFNs 546
with K pathology-specialized experts, using a learnable 547
router to dynamically assign tokens to optimal experts 548
for adaptive computation. MVH-MIL achieves SOTA on 549
7 downstream tasks across 7 datasets, outperforming 10 550
SOTA methods. Furthermore, the proposed GHS module 551
and MoWE module are model agnostic and could poten- 552
tially be adapted to improve other deep learning models, 553
effectively tackling hierarchical and heterogeneous data. 554
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Plass, Fabian Prasser, Irene Schlünder, Kurt Zatloukal,610
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