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Neuromorphic AI for Embodied 

Systems: Event -Driven Intelligence for 

Prosthetics and Humanoids
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The physical world changes in near milliseconds 
When a cup falls off a table, a hand has only a fraction of a 

second to calculate its trajectory, adjust its joint angles, 

and react.

For decades, AI  has lived inside static server racks 

processing data asynchronously from the cloud . Nowadays, engineers are pushing computing out of 

the server and directly into physical machines.

Embodied Intelligence: The Next Frontier
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Embodied Intelligence: The Next Frontier

This is embodied intelligence.  The migration of AI into a physical body 
capable of sensing and acting in the real world. 
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Embodied Intelligence: The Next Frontier
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We are currently building these systems into specific hardware 
platforms, such as full-body humanoid robots and localized prosthetic 
arms. Adapting to a unique biological muscle signal. 

AIzuHand : www.u-aizu.ac.jp/misc/neuro-eng/aizuhand.html 
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Embodied Intelligence: The Next Frontier

A large LM can afford to take  3s  to generate a response from a 

distant server.
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Embodied Intelligence: The Next Frontier

A prosthetic limb cannot. These physical platforms require strict 

real-time perception action loops to function properly. 
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The migration of AI into a physical 
body capable of sensing and acting in 
the real world. 



The Real World Is Fast, Continuous, and Unforgiving
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Power: < 10 W  
Latency: < 10 ms 
reflex loop

Adaptation: Real -Time Learning 
and Plasticity

Embodied 
Intelligence Zone 
Neuromorphic AI fits here! 
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Power: < 10 W  
Latency: < 10 ms 
reflex loop

Adaptation: Real -Time Learning 
and Plasticity

Conventional AI
Fails to meet all  

constraints 

Embodied 
Intelligence Zone 
Neuromorphic AI fits here! 

This is a structural failure of 

the underlying architecture. 



The Real World Is Fast, Continuous, and Unforgiving
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Å The real world changes every ms, continuously and unpredictably. 
Å Traditional AI, however, processes reality as discrete, synchronous framesτtypically 30  FPS.
Å But the world does not run at 30 FPS. It is continuous, event-driven, and full of surprises. 
Å ES must react within ms, not after an entire frame is captured or after a cloud round-trip. 
Å This fundamental mismatch between real-world timing and conventional computing models is one of 

the central challenges in robotics and prosthetics.



Å Real environments change in milliseconds

Å Continuous, asynchronous events

Å Safety-critical reactions

Å Traditional AI pipelines are too slow

Timeline showing real-world spikes vs. frame-based pipeline

The Real World Is Fast, Continuous, and Unforgiving
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The Real World Is Fast, Continuous, and Unforgiving

Å This creates a mass of redundant data 
Å If a robot watches a moving hand,  the camera still captures the static wall behind it in every single 

frame, wasting critical compute cycles, analyzing millions of unchanged background pixels.  
Å Waiting for those 33ms add-ups. 
Å By the time the system captures a dense frame, pushes it into an AI accelerator, and calculates the 

motor response, the cumulative system latency is between 50 and 200ms



Å Latency: <10 ms vs. 50ς200 ms

Å Power: <5ς10 W vs. 50ς300 W

Å Adaptation: Online vs. Offline

Å Sensing: Event-driven vs. Frame-based

Å Safety: Guaranteed vs. Best-effort

Comparison table with icons (battery, clock, camera, brain)

Why Conventional AI Struggles in Embodied Systems
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We need a fundamentally 
different approach !
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¸ Low power ς the brain consumes only 
20 W 

¸ Fault-tolerant ς the brain loses neurons 
all the time 
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How Biology Solves Embodied Intelligence

Many significant efforts: HBP (Human Brain Project), DARPA SyNAPSE, etc.   
Implementations: UK SpiNNaker, IBM TrueNorth, Intel Loihi

¸ No programming required ς the brain 
learns by itself 

¸ Potential for high-information 
content 



Å Real environments change in milliseconds

Å Continuous, asynchronous events

Å Safety-critical reactions

Å Traditional AI pipelines are too slow

Timeline showing real-world spikes vs. frame-based pipeline
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How Biology Solves Embodied Intelligence



How Biology Solves Embodied Intelligencec

23

Å Spikes are asynchronous signals that fire only when a localized 

environmental change crosses a specific biological threshold. 

Å If nothing changes, nothing fires!

If nothing changes, nothing 

fires!!



How Biology Solves Embodied Intelligence
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Å This  diagram shows how sparse data  translates into ultra-low physical 

movements 

Å When a hand touches something sharp, event spikes travel  up the arm along  

a localized biological circuit called the spinal reflexive circuit 



How Biology Solves Embodied Intelligence
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Å Followed the red arrow,  looping directly back to the mussel tissue
Å The reflex loop routes the motor response immediately to the limb, 

completely bypassing the high-latency processing of the higher brain shown 
on the right. 



How Biology Solves Embodied Intelligence
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Å We are working to translate this biological blueprint into hardware through a field named 
neuromorphic computing. 

Å The core  of this technology is named the spiking neural network  or SNN
Å An  SNN  is an artificial intelligence architecture designed to process information strictly 

through asynchronous event spikes serving as the engineered silicon equivalent of the 
biological reflex arc. 

Neuromorphic Computing



How Biology Solves Embodied Intelligence
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[Patent No. 7277682] (May 11, 2023) ï Abderazek Ben Abdallah, The H. Vu, Masayuki Hisada, ñSpiking 

Neural Network by 3D NoCò
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ÅSparse; Low-power; Adaptive; Brain-inspired; Ideal for prosthetics 
and humanoids.

Neuromorphic  Hardware
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A simple spiking neuron model Digital silicon neuron implementation

ÅDigital implementation: a counter is incremented (dendrite) each time a 1 is 

read out of a bit cell (synapse), triggered by the incoming spike (axon). 

ÅThe counterôs output is compared (soma) with a digitally stored threshold and a 

spike is triggered when it is supra threshold. The counter is then reset and the 

cycle starts over.
30

Spiking Neurons: The Core of Neuromorphic Intelligence



Spike-timing-dependent plasticity (STDP)

¸ Learning rules based on STDP specify changes in synaptic 

strength depending on the time interval between each pair of 

presynaptic and postsynaptic events.

¸ If the presynaptic neuron fire before  the postsynaptic neuron within 
a preceding 20ms, LTP occurs

¸ If the presynaptic neuron fire after  the postsynaptic neuron within 
the following 20ms, LTD occurs 31

Inside the Learning Neuron
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Synapse Memory Design: How Silicon Learns?
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The Future of Learning in Silicon: Synaptic Device Technologies

Types for Synaptic Devices for Neuromorphic Systems 
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Address-Event Representation: The Backbone of Neuromorphic Communication
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Mapping Spiking Intelligence onto Silicon


