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Pathology Visual Question Answering

➢ Goal: answer clinical questions about a whole-slide image (WSI).

o Diagnostic reasoning, report generation.

➢ Why it matters:

o Scale pathologist expertise.

o Clinically trustworthy, interpretable answers.

2[1] Ying Chen, et al. "SlideChat: A Large Vision-Language Assistant for Whole-Slide Pathology Image Understanding." CVPR 2025



From Problem to Motivation

➢ A gigapixel slide contains far more information than 

necessary for a given question.

o A single WSI yields tens of thousands of patches.

o Only a small subset carries the answer.

➢ Current WSI-MLLMs treat every patch equally.

o Strict LLM token limits force uniform sampling or pooling.

o Redundant + question-irrelevant tokens overwhelm the 

LLM.

➢ Predictions are black-box and unverifiable.

o No patch-level attribution → pathologists can't verify the 

reasoning.
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The Problem

Our Motivation

➢ Pathologists scan broadly, then zoom in 

based on the clinical question.



Pre-analysis

➢ Pathologists scan broadly, then zoom in selectively, guided by the question.

➢ Pre-analysis on TCGA-BRCA for patch retrieval:

o Patch–question similarity heatmap overlaps the tumor mask.

o Question-guided ≫ diversity ≫ random in F1 score for retrieving tumor patches.

o Diversity is not enough — patch selection must be driven by the question.
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Our Approach: HistoSelect

A question-guided, tissue-aware, coarse-to-fine patch selector grounded in the Information Bottleneck (IB).
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Tissue Segmentation

➢ M pathologist-designed tissue prompts:  tumor / stroma / lymphocyte / necrosis / …

➢ Match each patch to a prompt by visual–text cosine similarity (CONCH encoders).

o Patch i is assigned to the tissue group with the highest similarity.

➢ Yields a partition of the WSI into M semantically coherent regions — the tissue segmentation map.
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Hierarchical Selector + IB

➢ Group Sampler

o predicts a question-aware sampling rate per tissue group.

➢ Patch Selector

o scores each patch by relevance to the question; top-kⱼ kept per group.

➢ Hierarchical Information Bottleneck

o regularizes selection toward question-aligned tokens.

➢ Straight-Through Estimator makes top-k differentiable for end-to-end VQA training.
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Quantitative Results
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➢ Close Ended

➢ Open Ended



Qualitative Result
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Conclusion

➢ HistoSelect brings a pathologist-style coarse-to-fine, question-guided selection mechanism 

into WSI-VQA.

➢ Cuts visual tokens by ~70% while reaching SOTA performance on 3 different datasets.

➢ Delivers clinically attributable evidence — every prediction is backed by selected patches.
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Thank You!

Code:  https://github.com/winston52/HistoSelect

Contact:  wentaohuang@cs.stonybrook.edu
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