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Abstract. Federated learning (FL) on whole slide images (WSIs) re-
mains challenged by severe cross-center heterogeneity arising from in-
consistent staining protocols, scanning optics, and slide digitization set-
tings. Existing FL approaches typically rely on coarse feature statistics
or require iterative transmission of synthetic images, making it difficult
to capture domain-specific pathology priors while preserving privacy.
To solve these problems, we propose FedGMM-Bag, a generative fed-
erated learning framework that performs cross-center distribution align-
ment through attribute-aware pseudo-bag generation without sharing
raw WSIs. Each center constructs a compact multi-attribute Gaussian
Mixture Model (GMM) group of its local data, which is communicated
once and used to synthesize cross-domain pseudo-bags for augmenting
local MIL training. FedGMM-Bag introduces two complementary mech-
anisms: distribution replay to introduce external morphological diversity
and covariance-aligned feature mapping to achieve fine-grained cross-
domain alignment. Comprehensive experiments on three heterogeneous
multi-center datasets demonstrate that FedGMM-Bag consistently out-
performs existing federated and pseudo-bag methods on both seen and
unseen centers. These results demonstrate its strong cross-domain gen-
eralization and its suitability for privacy-preserving federated pathology
under real-world heterogeneity.

Keywords: Federated Learning - Gaussian Mixture Model - Multi-Instance
Learning - Pathology - Whole Slide Image

1 Introduction

Whole-slide images (WSIs) offer detailed visualizations of tissue morphology
and are widely used in computer-aided diagnostic systems for cancer diagno-
sis, prognostic assessment, and treatment planning [8, 14]. Owing to the absence
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of patch-level supervision, slide-level analysys is predominantly modeled using
multiple instance learning (MIL) [13,4,10]. WSIs collected in clinical practice
inherently exhibit substantial variability due to differences in staining protocols,
scanner hardware, tissue preparation, and other site-specific factors. Such het-
erogeneity arises even within a single institution and is further amplified across
centers. To build clinically robust models that generalize to this diversity, multi-
center learning is essential, but strict privacy requirements prohibit raw WSI
exchange among institutions, making centralized learning infeasible. Federated
learning (FL) [15, 16, 22, 3] offers a principled paradigm for collaborative train-
ing without sharing raw data. Existing FL. methods mainly focus on parameter
averaging [15,16], proximal regularization [22], feature alignment [9], and do-
main generalization [20], and have shown promise in privacy-preserving medical
image analysis [5,24]. However, directly applying these techniques to WSIs is
non-trivial, as they overlook the instance- and bag-level feature structures of
WSIs and thus struggle with the pronounced cross-center heterogeneity.

Recent federated WSI studies explore three main directions: MIL-based col-
laborative training [12], stain-style harmonization [19], and synthetic-slide dis-
tillation [7]. While effective to some extent, these strategies either do not cor-
rect feature-space domain shifts, rely on low-dimensional color statistics, or re-
quire computationally expensive image generation without modeling fine-grained
intra-bag variability. This highlights the need for a compact, distribution-aware
representation that captures center-specific WSI characteristics. In centralized
WHSI classification, pseudo-bag generation and instance mining have proven ef-
fective for expanding training diversity and improving MIL robustness|11, 23].
Gaussian mixture models (GMMSs) [21, 17] offer a principled way to capture fea-
ture densities and provide lightweight, compact statistical descriptors suitable
for federated communication. These observations motivate a generative, GMM-
guided pseudo-bag strategy for addressing cross-center heterogeneity in federated
WHSI analysis.

In this paper, we propose FedGMM-Bag, an attribute-aware generative
federated framework for WSI classification. Instead of relying on raw image shar-
ing, low-order stain statistics, or computationally expensive synthetic slides, each
participating center communicates a compact multi-attribute Gaussian mixture
representation that summarizes the essential characteristics of its WSIs while
preserving privacy. This representation enables cross-domain pseudo-bag synthe-
sis that enriches local MIL training with external domain cues without exposing
raw patches or high-dimensional features. By combining distribution replay and
covariance-aligned feature mapping, FedGMM-Bag reduces non-i.i.d. variation
across centers and substantially strengthens cross-center generalization with very
limited communication overhead. Experiments on our in-house PANC dataset
and two public datasets demonstrate the robustness of FedGMM-Bag.
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Fig. 1. Overview of the proposed FedGMM-Bag framework, which models local WSI
statistics using attribute-aware GMM groups and synthesizes pseudo-bags through dis-
tribution replay and covariance-aligned mapping for federated optimization.

2 Method

2.1 Federated MIL Preliminary

Given M participating centers in a federated MIL setting, the goal is to col-
laboratively train a global WSI classifier that performs robustly under hetero-
geneous, non-i.i.d. data distributions while preserving patient privacy. Center
m € {1,...,M} holds a local dataset D,, = {(X™,y/) | i = 1,--- ,Nn},
where X" denotes a WSI containing n/* patches and y" € {1,...,C} is the

slide-level label. Each WSI X" is tiled into patches {x;”j ?;17 and a pretrained

feature extractor ¢ maps each patch to a d-dimensional patch feature vector
zs = @(gc;”j) € R?, yielding a bag-level representation AL {zlmj ;L:l In feder-
ated learning, each center maintains a local MIL model f,,(+; 8,,,) that aggregates
instance features within Z]” into a bag-level prediction ¢ = f,,,(Z!";60,,). The
server periodically aggregates local model {6,,}}_, into a global model f(-;8).

To address cross-center domain heterogeneity in federated WSI classification,
we propose FedGMM-Bag, a generative federated learning framework for robust
multi-center MIL. The overall framework is illustrated in Fig. 1. Each center is
summarized by an attribute-aware GMM group, and these compact generative
descriptors are used to synthesize cross-domain pseudo-bags that augment local
MIL optimication without exposing raw WSIs or high-dimensional features. Us-
ing both real and synthesized bags, each center performs federated MIL training
to update its local model and contribute to the global aggregation.
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2.2 Attribute-Aware Gaussian Mixture Models

To capture heterogeneous statistical attributes of WSIs at center m, an attribute-
aware GMM group of center m is constructed:

G = {Gh, G G ™ G}, (1)

where GP¢ characterizes patch-count variability across slides, ggﬁs models class-
wise feature densities, GE'P represents intra-bag composition patterns, and GLoP
summarizes the distributions of top-K’ discriminative features. Together, G,,
forms a compact, privacy-preserving summary of the local WSI domain.
Patch-Count Attribute Modeling. The number of patches per slide varies
substantially across WSIs and centers. Let n denote the patch count of a WSI. A
log-transform log n is used when estimating the patch-count GMM for numerical
stability. Center m models the log-count distribution by a 1-D GMM:

p(logn) = Zar (logn | pp,o?), (2)

where K. is the number of components and {a., ™, aﬁ")} are mixture weights,

means and standard deviations, respectively.
Class-Specific Attribute Modeling. For each class ¢, patch features belong-
ing to slides of class ¢ at center m are modeled by a class-conditional GMM:

Keis

z\yfc Z’Ycr Z|,Ufcr720,r)7 (3)

where K, denotes the number of mixture components per class, and {v¢.r, fic,r
Y. r} are the mixing coefficients, means and diagonal covariance matrices. These
components capture multi-modal morphological patterns within each category.
Bag-Composition Attribute Modeling. Within a WSI of class ¢, each patch
feature is assigned to a component of G¢:* based on its posterior responsibility.
Let m; = (mi1,...,Ti,K.om,) denote the mixture-proportion vector of slide i,
where 7;, represents the fraction of patches assigned to component r among
K comp grouped components. To model structural co-occurrence patterns, a den-
sity G¢o™P:¢ is fitted over the simplex-valued vectors {m;} for slides of class ¢ .
During pseudo-bag synthesis, sampled proportions 7 from G§"P:¢ control how
many instances are drawn from each component, ensuring that synthetic bags
preserve realistic intra-bag composition.

Top-K Discriminative Attribute Modeling. To emphasize highly discrim-
inative regions, a Top-K GMM G%P is constructed. After an initial local MIL
pretraining, the top-K’ patches with the highest MIL attention scores are se-
lected for each slide with class c. The top-K discriminative attribute of class-c
slides in center m and modeled as:

Kiop

p(z | tOp- Z Br Z | Vr, r)a (4>
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where {8,,v,, A} are mixture weights, means and covariances. GL% captures
class-specific discriminative patterns that are injected into pseudo-bags.

By integrating the above attributes, G,, provides a multi-attribute GMM
group for center m. Instead of sharing raw data, each center uploads only G,, to
the server, which then redistributes all {G,,’ }1n722m back to each center, enabling
cross-center generative knowledge transfer under strict privacy constraints.

2.3 Cross-Domain Pseudo-Bag Generation

Leveraging the shared GMM groups {G,, }, each center synthesizes cross-domain
pseudo-bags before federated training. Two complementary strategies are intro-
duced: (i) distribution replay, which injects external morphological diversity by
directly sampling from other GMMSs, and (ii) covariance-aligned feature map-
ping, which transforms local patch features into the statistical space of another
center. Replay enhances sample diversity, whereas mapping provides precise dis-
tribution alignment.

Distribution Replay via GMM Sampling. For center m, pseudo-bags of
class ¢ can be synthesized by sampling from the GMM group of another center
s # m. A bag size 7 is first drawn from the target center’s patch-count model G¢,
followed by a composition vector 7 sampled from the class-specific composition
model G¢°P-¢_ where each entry 7, determines the proportion of instances drawn
from component r. Accordingly, 1, = | 77| feature vectors are sampled from the
corresponding class-wise GMM G¢*. Additional high-attention features from
the Top-K GMM G%P can be incorporated to strengthen class-discriminative
cues. Repeating this procedure produces the replay pseudo-bag set f?,(ﬁ), which
preserves class balance while reflecting the WSI statistics of external centers.
Covariance-Aligned Feature Mapping. Although distribution replay intro-
duces cross-domain diversity, feature statistics across centers may still remain
misaligned. To explicitly correct such discrepancies, each class-wise GMM G¢l5:¢
is paired with its counterpart G¢'*° from a target center s. Component correspon-
dence is determined by minimizing the 2-Wasserstein distance between Gaussian
components, yielding a mapping k — j(k) from local to target components. For
a local patch feature z assigned to component k, its aligned representation is
obtained via:

7 = Ak*)j(k) (Z - Mgz)) + MS;(’“)’ (5>

where Ay_, (k) is a whitening—coloring transform that matches the second-order
statistics of the two components. Applying this mapping to all instances in a local
bag produces a covariance-aligned pseudo-bag Z®@ and repeating the process
yields the mapped pseudo-bag set ’157(3), which complements replay by enforcing
distribution-level alignment.

Replayed pseudo-bags 25,(71) and mapped pseudo-bags 25,(,3) jointly augment
the local dataset: f)m =D, U @ﬁ,}b) U 7553).
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Fig. 2. (a—c) Sample distributions of the three multi-center datasets. (d-e) T-SNE
visualization of patch-level features: (d) PANC and (e) CAMELYON17.

2.4 Federated Optimization with FedGMM-Bag

After constructing the augmented dataset D,, that includes both real bags and
pseudo-bags generated from external distributions. Federated optimization pro-
ceeds as follows. At the beginning of each round, the server broadcasts the cur-
rent global MIL model to all centers. Each center performs local training on
its augmented dataset for several epochs and returns updated parameters. The
server aggregates the local updates using dataset-size weights, consistent with
FedAvg|[15], and redistributes the refined model parameters for the next round.
The global objective optimized by FedGMM-Bag is defined as:

M
mein [:((9) == Z ]ZVVTma E(Z,y)Nﬁm [f(f(Z, H)a y)]7 (6)
m—1 ot

where £(-,-) is the slide-level cross-entropy loss, Ny, is the total number of bags
at center m, including both real bags and generated pseudo-bags.

3 Experiment

3.1 Dataset and Implementation Details

Dataset. We evaluate our method on three multi-center histopathology WSI
datasets, and their sample distributions are illustrated in Fig. 2 (a)—(c). PANC
consists of pancreatic WSIs from our in-house cohort and the public TCGA-
PANC [18] dataset, covering benign and malignant cases. TCGA-RCC [2] con-
tains three renal cell carcinoma subtypes (CCRCC, PRCC, CHRCC) and is
partitioned into centers following the HistoFS [19] protocol. Both datasets use
a 7:1.5:1.5 train/val/test split per center. CAMELYON17 [1] provides lymph
node WSIs from five centers, where A—C are used for training and D-E as used
as unseen test centers in our experiments.

Implementation Details. All WSIs are preprocessed via CLAM [13] pipeline,
tiled into 256 x 256 patches at 20x, and encoded using ImageNet pretrained
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Table 1. Main results on PANC and RCC. Results are meangiq over five folds. SC and
JT denote the lower and oracle upper bounds. Bold marks the best federated method.

Method PANC RCC

Inst. A Inst.B Entropy | | Inst.A Inst.B Inst.C  Entropy |
SClLowerbound | 719-376.74 80.327.93 0.51850.04 | 94.734.37 93.923.91 90.42318 0.2904¢. 03
JTUpperbound | 83-264.62 88.585.96 0.37500.03 | 99.375.02 98.872.39 98.692.22 0.04400.01
DTFD-MIL (23] 80.376.29 81.197.52 0.49750.04 | 95.274.25 94.683.67 92.183.37 0.24960.03

PseMix [11] 79.966.34 80.926.95 0.50510.04 | 95.144.04 94.23.54 91.973.07 0.2607¢.03
HistoFL [12] 80.215.26 81.295.43 0.4981¢.04 | 97.584.33 95.032.95 97.382.96 0.1417¢.02
MOON [9] 82.135.89 83.585.37 0.44950.04 | 98.133.81 96.063.08 98.313.16 0.10660.02
DACS [20] 82.875.37 85.866.13 0.41350.03 | 98.263.96 96.283.12 98.192. 65 0.10340.02

FedWSIDD [7] |82.945.94 86.756.29 0.4017¢.03 | 98.314.02 96.312.52 98.272.49 0.1012¢.02
HistoF'S [19] 83.065.01 86.935.72 0.39810.03 | 99.253.73 96.392.48 98.462.34 0.0840¢.02
Ours 83.114.88 86.955 .38 0.3972(0.03(99.293.31 96.832 43 98.512 .30 0.0765¢ .02

Table 2. Results on the CAMELYON17 dataset. Models are trained on centers A—C
and evaluated on unseen centers D—E. Best results are highlighted in bold.

CAMELYON17
Inst. D Inst E Avg.  Entropy |
SCLowerbound 68.226.28 72.378.04 70.297.39 0.71400.08
JTUppCrbound 83.954.30 85.285.18 84.624.96 0.40780.03
DTFD-MIL [23] 73.395.75 76.207.83 74.86.83 0.6264¢.06

Method

PseMix [11] 72.565,82 75-827.66 74-196.72 0.63860,06
HistoFL [12] 74.695.207 78.936.95 76.816.34 0.58390.04
MOON [9] 78.315.36 80.026.83 79.176.27 0.53350.05
DACS [20] 78.595.48 81.346.49 79.975.94 0.51550.04

FedWSIDD [7] |80.194.75 82.025.82 81.115.33 0.4899¢.04
HistoFS [19] 81.294.59 83.425.96 82.365.208 0.4611¢.04
Ours 82.184,40 83.875,73 83.035,15 0.44550,04

ResNet-50 [6] to obtain 1024-D features. CLAM-SB[13] is used as the local and
global MIL backbone. For GMM groups, we use 4/8/4/4 components for GZP,

cls - Ggeomp and GfoPF vespectively, with diagonal covariances and EM optimiza-
tion. Each center synthesizes the same number of pseudo-bags as its real WSIs,
with an 80/20 split between distribution replay and covariance-aligned mapping.
Federated training runs for 20 global rounds with 20 local epochs each, using
Adam (Ir=1e—5) and FedAvg [15] aggregation. All results are averaged over five
seeds. Communication Cost: Each center transmits its GMM group only once,
adding merely about 0.28 MB per center in our 1024-D, 3-class setting of TCGA-
RCC (73,980 float32 parameters). The total overhead (M x 0.28M B, M = 3)
is negligible compared with standard federated updates. Evaluation Matrics:
Performance is evaluated using the area under the ROC curve (AUC) across
institutions. Entropy score H is also reported, which quantifies prediction un-
certainty across centers and is defined as H = — 2%21 AUC,, -log.(AUC,,), a
lower H indicates more consistent performance across institutions, making it a
suitable metric for evaluating cross-site robustness.
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Table 3. Ablation study on attribute-aware GMM components and pseudo-bag gen-
eration strategies.

PANC RCC

Modules AUC 1 Entropy }|AUC 1 Entropy

Gl o™ G G

80.75  0.4981 | 96.66  0.1417

Corf;l:glr\l/ints v 82.46  0.4587 | 97.25 0.1171
v v oV 83.17  0.4421 | 9745 0.1087
v v v’ | 85.03 0.3972 | 98.21 0.0765
Pseudo-Bag DR Only 84.43 0.4120 | 97.80 0.0941
Generation CM Only 80.70  0.4993 | 94.08  0.2482

3.2 Comparison with State-of-the-Art Methods

Table 1 reports results on PANC and RCC. Single Center (SC) serves as a lower
bound with purely local training, while Joint Training (JT) provides an im-
practical upper bound that requires centralized data sharing. Compared with
pseudo-bag augmentation methods DTFD-MIL [23] and PseMix [11], federated
approaches achieve higher AUC and lower entropy because local-only synthe-
sis cannot model cross-center variability. General FL algorithms MOON [9] and
DACS [20] improve over naive aggregation but remain suboptimal for pathology
data. Pathology-oriented frameworks (12,7, 19| perform strongly, yet FedGMM-
Bag achieves the best overall performance. Table 2 summarizes results on un-
seen center in CAMELYON17. FedGMM-Bag consistently surpasses all FL. and
pseudo-bag baselines on both seen and unseen centers, demonstrating robustness
under distribution shift and cross-domain generalization.

To qualitatively assess the effectiveness of the pseudo-bag generation strate-
gies, we perform t-SNE visualization on patch features, as shown in Fig. 2(d)—(e).
Real samples from local (blue) and external (green) centers exhibit clear do-
main shifts. Synthetic features generated by Distribution Replay (DR, yellow)
successfully reproduce foreign distributions without accessing raw data, while
Covariance-aligned Feature Mapping (CM, pink) transforms local samples to-
ward the external style, effectively narrowing cross-domain discrepancies.

3.3 Ablation Study

We conduct ablation studies on both the attribute-aware GMM design and the
pseudo-bag generation strategies. As shown in Table 3, using only patch-count
and class-wise GMMs gives reasonable improvements compared with baseline
HistoFL, while adding bag-composition and top-K GMDMSs progressively im-
proves performance, highlighting the role of intra-bag structure and discrimi-
native features. As for two pseudo-bag generation strategies, DR alone improves
robustness and CM alleviates domain shifts by aligning feature statistics. Their
combination achieves the highest AUC and lowest entropy.
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4 Conclusion

This work presented FedGMM-Bag for federated learning of WSI classifica-
tion. By modeling center-specific WSI attributes with multi-attribute GMMs
and leveraging dual pseudo-bag generation strategies, our framework effectively
addresses both privacy constraints and feature distribution heterogeneity across
institutions. Extensive experiments on multiple multi-center datasets demon-
strated consistent improvements in cross-domain generalization while maintain-
ing low communication overhead.
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