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The model system
Evolution to neuromorphic

Source: 
https://www.technologynetworks.com/neuroscience/videos/finding-that-connection-watch-tw
o-neurons-in-a-petri-dish-sense-each-other-and-connect-356588
 

Source: https://www.nisenet.org/catalog/media/zoom_microchip_video
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Limits of Traditional Computation Paradigms

Traditional Computation Paradigm

 Separated computation and memory
 Limited compute parallelism
 Digital compute signals
 Dense data (continuous values and 

synchronous data stream)
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 Moving data from memory to CPU is energy intensive 
and limited by the bandwidth between memory and CPU
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Source: Horowitz, M. Computing's Energy Problem and What We Can Do About It, ISSCC 

2014

~1444 times more 
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Overcoming the von Neumann Bottleneck

Traditional Computation Paradigm In-memory Computing Neuromorphic Architecture
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Key Differences between Compute Paradigms

Traditional Computation Paradigm

 Separated computation and memory
 Limited compute parallelism
 Digital compute signals
 Dense data (binary, continuous and 

synchronous data stream)

In-memory Compute

 Collocated computation and 
memory

 Massive compute parallelism
 Mixed-signal (digital/analog) 

compute signals possible
 Dense data (continuous values and 

synchronous data stream)

Neuromorphic Architecture

 Collocated computation and 
memory

 Massive compute parallelism
 Mixed-signal (digital/analog) 

compute signals possible
 Sparse data (spiking, event-based 

and asynchronous data stream)
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Neuromorphic Computing – Working Principle

Neuron Model
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Neuron integrates 
inputs and fires when 

threshold (Th) is 
reached, followed by 

reset
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 Neurons collocate weights (wi) and compute logic and allow mixed-signal implementations  SNNs allow increased power 

efficiency
 SNNs exploit sparsity (inputs and weights are not dense)  SNNs require less data movement than DNNs
 Bio-inspired compute algorithms allow beyond-Moore compute concepts (e.g. fully parallel designs)  Reduced reliance on 

Moore‘s law
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Why do we need Neuromorphic Computing?

Ultra‑low latency
Delivers immediate responses 
for time-critical tasks

Secure on‑device intelligence
Enables local data processing 
for privacy and low bandwidth

Energy efficiency
Uses far less power than 
conventional methods – 
enabling sustainable AI

Future‑proofing AI 
development

Scales with growing AI 
demands and complexity

Neuromorphic 
computing

enables ultra-
efficient, fast AI 

processing
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Event-based Cameras
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Event-based Cameras
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Event-based Cameras Applications
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What can Neuromorphic Computing do?
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What can Neuromorphic Computing do?
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What can Neuromorphic Computing do?

Source: https://miovision.com 
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What can Neuromorphic Computing do?

Source: https://miovision.com 
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What can Neuromorphic Computing do?
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