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Why do we build Artificial Intelligent systems? 
Å Curious to better understand intelligence

Playing Chess Playing Go

Making staff

Å Create new technology

Talking Writing (an Email)

useful 

LLMDeep RL

Lifting staff Repetitive workHarmful, 3D work Life-long assistance



Need for robots

Care at home  (Spitex):
ü Number of clients: 458.578 (2022)
ü Number of workers: 61.086 (2022)
ü Cost: 3.177.450.000 CHF (2022)



Robots!

Å An electro-mechanical system 
What is a robot?



Robots today: a closer look

Zurich, November 2024, 
UniTree G1 Humanoid

ÅìőǃШĬŸĲƚŰќƣШŔƣШůŸƻĲШƣŸƽċƖĬƚШůǃШ
hand?

ÅWould it be able to grasp and bring me 
objects? 

Å Can it learn new stuff?

Å Is it safe?



What does it take to control a robot?
Mobility Manipulation Action planning

Å Locomotion, control
Å 3D vision
Å SLAM: localization, mapping

Å Path planning
Å Motion planning 

Å Object detection
Å Object identification
Å 6D pose estimation
Å Tactile sensing
Å Force control

+ HRI 
+ Learning
+ Adaptation

A lot of (classical) software



Can AI help us to make robots 
smarter?



Artificial Intelligence today
Autonomous drivingImage recognition

Text processing

Letôs look under the hood!



What is an Artificial Neural Network 

Multilayer Perceptron(1950s)

A LOT of data: 
inputs and correct outputs

(need to cover all corner cases!)

ɫ ReLU

Slow, long training
(Error Back-propagation)

«Neuron»: 

Input

(image)

Output

(label,
pose, ROI, 
mask)

«Bag of tricks»
(norm, batch, training

schedule, tuning)



Å One task at a time

ÅControl loop might need <10ms latency and confidence 

What are the limitation of AI / DL (in robotics)?

Å Data hungry
Å Orchestrating different tasks is a challenge

Å Physical world is fundamentally complex and dynamic

Å Need a much more multi-modal approach (not just images and text)
Å Different sampling rates
Å Different dimensionalities 
Å Different reliability
Å Different (changing?) geometrical arrangement 

Å High latency

ÅReliability: accuracy and robustness 



Success came at a high cost

300,000x  more power  (2014-2020) 
vs 8x ōȅ aƻƻǊŜΩǎ [ŀǿ

Source: https://techhq.com/2023/03/data-center-energy-usage-chatgpt

{ƻǳǊŎŜΥ !wY LƴǾŜǎǘƳŜƴǘ aŀƴŀƎŜƳŜƴǘ [[/Σ ά!L ŀƴŘ /ƻƳǇǳǘŜΦέ OpenAI, https://arkinv.st/2ZOH2Rr.

Transparency
Robustness 
Adaptivity

Behind impressive 
videos

Chat GTP-4 Training: 

    100 Million Dollar 
    1.287 Gigawatt hours
    ??? Human labor

https://arkinv.st/2ZOH2Rr


Success of todayôs AI relies on hardware! 

Å Optimized for matrix multiplication 
Å Optimized for batched data processing 
Å Optimized for tensor processing



On the market today
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ìĲШőċƻĲШĲǂċůƓũĲƚШŸŉШŰĲƨƖċũШŰĲƣƽŸƖťƚШĬŸŔŰŊШĤĲƣƣĲƖв

Å 1000g brain, 100 B neurons, 20 W
Å /ŀƴ Řƻ άŜǾŜǊȅǘƘƛƴƎ ǿŜ ǿŀƴǘ ǘƘƻǎŜ 
Ǌƻōƻǘǎ ǘƻ Řƻέ

Å 1g brain, 1M neurons, 1mW
Å Navigates and learns in unknown 
ŜƴǾƛǊƻƴƳŜƴǘǎ άƻƴ ǘƘŜ Ŧƭȅέ

ÅDeal with real-world 
complexity 

ÅLearn new tasks

Åά/ƻƎƴƛǘƛǾŜέ 

ÅAdaptive 
ÅFlexible 
ÅFast 
ÅPrecise 
ÅEfficient

Biological brains:Å0.1 g 
Å100K neurons
Å20M connections



2.  Thalamo-cortical and Cortical-BG loops
Å Adaptive resonance, active sensing 
Å Cognitive control of behaviors 

3.  Cerebellum 
Å Adaptive learnable mappings 
Å Muscle coordination, movement 

fine-tuning

4. Hippocampus, ethorhinal cortext 
Å Place-cells, grid cells
Å Odometry, SLAM, episodic memory

1. {ƛȄ ŎƻǊǘƛŎŀƭ ƭŀȅŜǊǎ ŦƻǊƳ άǇǊŜŘƛŎǘƛǾŜέ ŎƛǊŎǳƛǘǎΥ 
Å Consistence check (spatial, temporal) 
Å Continual learning and adaptation  

How do brains compute?

Åaŀƴȅ ŘƛŦŦŜǊŜƴǘ άŀƭƎƻǊƛǘƘƳǎέÅContinual learning and adaptation



Why CPU and GPU are not a good match for 
brain-inspired algorithms?

ÅNeed asynchronous processing
Å Computation is not clocked, rather event-driven
Å Dirrent sampling rates  

Å ÂċƖċũũĲũЯШĤƨƣШŰŸƣШљŔůċŊĲƚњШŸƖШůċƣƖŔĦĲƚШŸƖШыŉƨũũ-rank) tensors
Å Sparse neural networks (graphs)
Å Recurrent neural networks (loops!)

Å Different transfer functions (not just ReLU)
Å Statefull neural networks (local memory!)
Å Plasticity (more local memory!)



Neuromorphic Computing Hardware
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What is a neuromorphic chip?
Å Mixed-signal (analog-digital) circuits

Å VLSI chips (alt: in-memory computing)

Å memristors
Å optical
Å bio 
Å nanowires
Å nanodots

Åasynchronous
Å fix-point
Åsmart routing
Åoptimized ALU
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Å Digital 

Å Digital chips (+I.O, co-ƓƖŸĦĲƚƚŸƖƚЯв



Recurrent networks with novel bio-inspired 
properties give the best gains
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Davies et al, Proc. IEEE 2021. Resultsmayvary.

(Better on Loihi)

(Worse on Loihi)

CPU (Intel Core/Xeon)

GPU (Nvidia)

Movidius (NCS)

TrueNorth

Reference
architecture



Neuromorphic chips on the (research) market

Hardware-algorithm co-design!

Neuromorphic Computing: VLSI chips
Misha MahowaldΩsretina

https:/ /www.frontiersin.org/articles/10.3389/ fnins.2015.00141/ full

Giacomo IndiveriΩsROLLS chips K.-H. Meier, BrainScaleS

Neuromorphic Computing: VLSI chips
Misha MahowaldΩsretina

https:/ /www.frontiersin.org/articles/10.3389/ fnins.2015.00141/ full

Giacomo IndiveriΩsROLLS chips K.-H. Meier, BrainScaleS



ÂƖŸŊƖċůůŔŰŊШŰĲƨƖŸůŸƖƓőŔĦШőċƖĬƽċƖĲв

вƣŸШĦŸŰƣƖŸũШыċƚƚŔƚƣŔƻĲьШƖŸĤŸƣƚ



Brain structures and dynamics Behavior

Not all neuroscience insights are made equalé



Model for Working Memory 

Å     Basic element of 

Å perception 

Å intentional action

Behavioral studies
Neural studies

https://dynamicfieldtheory.org/

Neural Principles of behavior and cognition 

1. Groups of neurons form (attractor) dynamics 



2. Intentional structure of neural states (Neural state machines) 

üAttractors need to be actively destabilized

üAnticipating the sensory consequences of actions

Neural Principles of behavior and cognition 

Sandamirskaya, Schoner, 2010; Richter et al 2012; Billing et al 2015 

Structure of an 

ñelementary 

behaviorò

6 cortical layers
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Figure 1. Architecture of the network. The network is composed of
generic modules: input populations (shown in blue) and neuron populations
(shown in yellow). Input populations consist of 1600 excitatory axons,
bringing Poisson-distributed spike-trains whose rate is set according to the
data item being observed. The internal structure of the neuron populations
is shown in the inset. They are composed of 1600 excitatory and 400
inhibitory leaky integrate-and-ýreneurons. Within a neuron population, all
possible types of connections are formed and all connections received by
excitatory neurons are plastic (using STDP). Neuron populations are cou-
pled using bidirectional long-range connections originating from excitatory
neurons and targeting excitatory and inhibitory neurons. All connections
are sparse (10% of possible connections are made) and the weights are
randomly initialized.

abstract level, using populations of neurons asbasic building
blocks which can learn to process complex input structures
not just in a feedforward manner but in an omnidirectional
way: After a relation is learned it can then be used toñsolveò
for any single variable of the relation in terms of the others.
This enables a relation to perform inference on any variable
of the relation rather than just a selected output variable,
so the network can perform a chain of inference, starting
with whatever is known (or observed), and proceeding to
any conclusions that can be reached from the available
information.

2. Results

In order to successfully learn a large-scale inference
network, we need single modules, our basic building blocks,
to fulýllproperties such as a large spectrum of possible
input strengths, contrast invariance of the tuning curves,
soft winner-take-all, cue-integration, and signal restoration.
In theýrstpart of this section we will show how a single
module behaves in regard to those properties and in the sec-
ond part we build larger networks using those basic blocks.
The second part describes results for simulating networks
with 4 modules that learn the relations A + B īC = 0,
A = 0.5 + B = īC and A = 2B = C2. It is important to
note that all of the networks use the same initial structure
to learn the relations. The architecture is shown inýgure1.
Finally, we show that the 3-way network is capable (after
learning) of inferring missing variables for the different
types of relations, again without requiring any changes in
the initial structure of the network.

Figure 2. Response patterns of a single population. Inputs are shown in
red and population activity (after neuron sorting) is shown in blue. A) Re-
sponse before learning. B) Response after learning has converged(30ô000
examples). All following graphs also show properties of the network after
learning. C) Signal restoration. The activity of 32% of the input neurons
is set to 0 (see red downward strokes). The recurrent connections restore
the desired shape and prevent a loss of activity in the parts where input
is missing. D) Cue integration. Additionally to the main stimulus (with
peak at 0.5), another similar input is present (with peak at 0.25). The
resulting activity is close to the main stimulus but is also biased towards
the additional input. E) Soft winner-take-all. As in D), just with stimuli
suggesting completely different values (peaks are at 0 and at 0.5). The
resulting activity is dominated by the position of the stronger stimulus and
the weaker stimulus is suppressed.

2.1. Single Population Proper ties After Learning

In this part we show the properties of a single neu-
ron population as depicted in ýgure1. The standard input
are Poisson-distributed spike-trains with a Gaussian-shaped

Cook & Diehl, 2016

Learning relations

3. Reference frames. Transformations.

Neural Principles of behavior and cognition 

Spatial relations

Lipinski et al 2011

Retinal

Head-
centered

Gaze

Storck et al 2014



4. Autonomous learning 

Neural Principles of behavior and cognition 
Visual feature 

extraction
(hand-crafted)

Visual input 
events

Continually learning 
classifier

Neural 
State 

Machine

Hajizada et al 2022, ICONS (best paper award)

Continually learning 

prototypes (CLP)


