wimueosnzvee CalibPrompt: Calibration-Aware Prompt Learning -
for Medical Vision-Language Models

Abhishek Basu, Fahad Shamshad, Ashshak Sharifdeen,
Karthik Nandakumar, and Muhammad Haris Khan

I

.‘:E:..-.

r\\“ r

MICHIGAN STATE
UNIVERSITY

Contributions

Introduce CalibPrompt, a novel approach to calibrate Med-
VLMs during prompt learning with minimal parameter tuning
eliminating the need for expensive full-model retraining.

Motivation

e Medical Vision-Language Models (Med-VLMs) show high
diagnostic accuracy but generate dangerously
overconfident/underconfident predictions, risking
misdiagnosis and reduced clinical trust.

e Smoothed Accuracy and Confidence Matching Loss
(SMAC): Aligns predicted confidence scores with smoothed
empirical accuracy distributions, addressing diagnostic
ambiguities and reducing overconfident predictions in

e Limited labeled medical data necessitates parameter-
efficient calibration approaches for maintaining
diagnostic accuracy and providing reliable uncertainty

estimates. medical tasks.
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