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Motivation

dProviding high-quality medical care in resource-limited settings (e.g., disaster zones, rural areas) is challenged by a lack of expertise,
limited equipment, and poor connectivity.

First responders often have minimal training yet must handle complex medical cases, increasing the risk of poor patient outcomes.

A There is a critical need for autonomous, Al-driven systems that can provide real-time guidance and decision support to medical
personnel in high-risk, disconnected environments.

This work introduces an Al-powered copilot system to assist with life-saving interventions, trained on a novel dataset designed for
humanitarian operational medicine.

Challenge: Insufficient Data Availability ﬂ
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procedures, where responders must use improvised and
non-traditional tools due to resource limitations.
dExamples: Using a belt and screwdriver for a tourniquet,
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or scissors to expand an incision for a tube thoracostomy. .
dChallenge: These scenarios are difficult for Al models Accuracy = " Pi(tae — tas)
trained only on standard procedures. 2 i=1(tae — tas)
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JAction Recognition
» Best model (MVIT v2) achieved 65% Top-1 accuracy on regular procedures.
» Significant performance drop on JIT when trained only on regular (down to 14%).
» Combined training (regular + JIT) restored performance to ~64% Top-1, proving the
value of dataset diversity.
JAction Anticipation
» Harder than recognition; Top-1 accuracy <10% on JIT when not trained jointly.
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