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Few-Shot Learning from Gigapixel Images via 

Hierarchical Vision-Language Alignment and Modeling



Background

Whole Slide Image (WSI)

➢ Gigapixel size 

(≈100,000 X 100,000 pix)

➢ Hierarchical structure 

(5x, 20x)

Fully-supervised 

methods
(Fine-grained annotations

is expensive)

Multiple Instance 

Learning (MIL)
(Utilizes only WSI label)



Motivation

(A)Traditional MIL

➢ Requires large labeled WSI datasets

(privacy & rare diseases)

➢ Learns only from the original slides

(staining variability & domain shifts)

(B) Single-scale Vision-Language MIL

➢ Adds LLM-generated text

(prior-domain knowledge for data efficiency)

➢ Lacks of contextual & scale awareness

(ignores hierarchical structure)



Motivation

(C) Multi-scale Vision-Language MIL

➢ Lacks hierarchy modeling within the same modalities

(late-fusion approach)

➢ Inadequate alignment between modalities on the same scale

How can we transfer VLM knowledge to gigapixel WSIs for better 

hierarchical modeling and multimodal integration?



HiVE-MIL

(D) Hierarchical Vision-Language MIL (HiVE-MIL)

Cross-Scale Hierarchical Interaction

➢ Hierarchical Graph

(builds parent-child edges between 5x and 20x 

visual/text nodes)

➢ Hierarchical Text Contrastive Loss (HTCL)

(enforces semantic text consistency across scales)

Intra-Scale Multimodal Interaction

➢ Heterogeneous Graph

(models visual-text relations on the same scale)

➢ Text-Guided Dynamic Filtering (TGDF)

(filters out irrelevant or weakly matched patch-text pairs)



HiVE-MIL



SOTA Performance



Hierarchical Text Semantic Alignment

Hit Ratio Evaluation

➢ Step 1: Find the 2 most similar parent texts for 

each low-scale patch

➢ Step 2: Collect their child texts as candidate 

children

➢ Step 3: Check if any high-scale patch matches a 

candidate child. If not, check other children under 

the same parent

➢ Step 4: Record a hit when both alignments 

(low ↔ parent and high ↔ child) are correct

Hit Ratio has strong correlation with Macro F1 

(bidirectional message passing preserves hierarchical text consistency)



Interpretability Analysis

➢ Positive: patch with text distributions most 

similar to the Anchor → similar morphology

➢ Negative: patch with the most dissimilar 

distributions→ distinct morphology

Provides interpretable evidence based on the 

description of the contributing text



Questions?

Come visit our poster!

Thu, Dec 4 2025, 11 a.m. — 2 p.m. PST

Paper Code


