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ﬁ ﬂ 160,000+ people in the UK use British Sign Language .
@ Global gesture recognition market: ~525.448B (2024) EZ @ Black-box Al models:
® Hard to trust e Hard to tune

O Most Al-based models:
e Slow e Energydraining :

Why it matters?

Most Gesture Systems

@ Slow on decisions / w‘v e Less control(b ® Less confidence ()
8—10 hours of battery life == Daily charging needed'% a\ / ( g;\ ® Less independency|™\ e Higher cost [ X
\ E3Hard to implement in embedded systems T w/ - ,/ = = /
Smart Homes Gaming Healthcare Medicals Virtual Reallty & AR Education
Our Solution: Low power, fast, explainable hand gesture classification
New Generation Al: Tsetlin Machines Our Approach
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Tl Tsetlin Machines use human-readable rules. Low energy consumption + High accuracy gesture classification.

“3 Logic-based learning, not heavy computation.
. Built for tiny, battery-powered devices.
C{Creates transparent decisions.

& L[] Explainable output: “Why” a gesture was chosen.
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Impact

Low power, real time, explainable, on-device EMG gesture classification enables fast and private control that can improve
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prosthetic hand use, support NHS rehabilitation, safer robotics, and touchless digital interfaces.
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