
WsiSSM: A Weakly Supervised Subset-Matching Framework for Unified 

Classification and Segmentation of Histopathology Whole Slide Images

Motivation
Weakly supervised whole-slide analysis represents each gigapixel WSI as a variable-length

bag of patch embeddings with slide-level supervision. Transformer-based MIL captures

inter-instance dependencies but incurs quadratic 𝑂 𝑁2 interaction complexity for 𝑁 patches

[1]. Scalable WSI modeling therefore requires sparse attention [2] that accommodates both

local tissue morphology and spatially dispersed diagnostic evidence.
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Figure 1. Whole-slide MIL formulations.

Mechanism

Figure 3. Schematic localization failure modes under 

slide-level supervision
Figure 2. Projected patch-feature distributions.

Experiments

Figure 5. Visualization of WsiSSM’s mechanism. 

Sparse-CAM. Multi-scale sparse attention aggregates complementary patch interactions

across window sizes and sampling strides:

Five cohorts comprise 3,666 WSIs: CAMELYON (899; breast-cancer lymph-node

metastasis), PANDA (692; prostate cancer), NCPDC (768; primary breast frozen

sections), and two external LNM cohorts (743/564).

A shared pointwise classifier couples class-specific activation mapping with slide-level

discrimination through global average pooling:
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Foundation-model patch embeddings retain tumor–benign overlap in the illustrated feature

projection (Figure 2). Meanwhile, slide-level classification objectives leave lesion extent

underconstrained, allowing spatially incomplete or off-target activations despite accurate

bag prediction. These limitations motivate contextual instance modeling and explicit CAM

consistency for weakly supervised segmentation.

Classification-only training yields context-

dependent CAM intensities between whole-

slide and subset inference. Subset matching

penalizes activation discrepancies at

corresponding patch coordinates, promoting

consistent lesion responses across contextual

scales. The observed reduction in subset-

dependent activation contrast supports CAM

consistency as a spatial regularizer under

slide-level supervision.

Table 1. Classification performance [%] of various MIL methods across multiple datasets.

Figure 4. The pipeline of our proposed WsiSSM for WSI.

Table 2. Segmentation performance [%] of various MIL methods across multiple datasets.

WsiSSM ranks first in Dice and IoU across five cohorts. All segmentation

predictions are obtained without pixel-level training supervision (Table 2, Figure 6).

Figure 6. Visualization of segmentation mask from our and other MIL methods across multiple datasets. 

Qualitative correspondence between

predicted CAMs and matched IHC

staining provides spatial corroboration

of biomarker-associated localization,

extending the framework beyond

tumor–benign classification (Figure 7).

• Coordinate-preserving CAM reconstruction localizes sparse micro-lesions on a 128-μm patch

grid, supporting small-focus identification within gigapixel tissue fields.(Figure 8).

• In simulated reading, AI assistance reduced pathologists’ mean

interpretation time by 8.03 s/slide and increased overall accuracy by

5.20 percentage points (+16.56 points for tumor slides), indicating

subgroup-dependent assistance effects.

Figure 7. Biomarker-associated localization from H&E.

Figure 8. Micro-tumor evaluation. Figure 9. AI assistance in simulated diagnostic reading.

Paper

Sparse-CAM contextualizes frozen foundation-model embeddings through multi-scale sparse

self-attention. A shared pointwise classifier and global average pooling jointly generate class-

specific CAMs and slide-level predictions. Subset matching imposes a consistency constraint

between whole-slide CAMs and coordinate-reassembled CAMs from four unequal-length

spatial subsets, coupling classification supervision with localization regularization.

Evaluation separates slide-level discrimination (AUC, sensitivity, specificity) from region-

level delineation (Dice, IoU, accuracy). WsiSSM achieves the highest performance across

all five cohorts (Table 1).

(2),

Subset matching. Four unequal-length spatial subsets share the same CAM network;

coordinate-based reassembly restores patchwise correspondence with the whole-slide

prediction:

,
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Dual classification losses supervise both aggregation paths, while \(\ell_1\) CAM consistency

regularizes spatial localization without dense annotations.
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