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Why do we build Artificial Intelligent systems?

A Curious to better understand intelligence
DeepRL  pjaying Go Talking LLM ~Writing (an Email)
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Playing Chess

| useful)
A Create new technology

Making staff

Lifting staff
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Need for robots
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Care at home (Spitex):

U Number of clients: 458.578 (2022)
U Number of workers: 61.086 (2022)
U Cost: 3.177.450.000 CHF (2022)



Robots!

Boston
Dynamics

Agility Apptronik Sanctuary

Fourier Unitree Agibot XPeng Dreame LimX

What Is a robot?
A An electro-mechanical system



Robots today: a closer look
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hand?

A Would it be able to grasp and bring me
objects?

A Can it learn new stuff?

A s it safe?

Zurich, November 2024,
UniTreeG1l Humanoid



What does it take to control a robot?

Manipulation Action planning
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A lot of (classical) software

A Motion planning ameie o o
. . +
\ A Tactile sensing + Learning

A Force control + Adantation




Can Al help us to make robots
smarter?




Artificial Intelligence today

Image recggnition Autonomous driving

W Ultrasonic sensors M RADAR sensor
arking assist Audio assistance

Automatic Translation
Automatische Ubersetzung
Traduction dLIt{'.:II‘T‘IdtIqUE
Traduccion automatica
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What is an Artificial Neural Network a [ oot data:
iInputs and correct outputs
(needto cover all corner cases!)

Multilayer Perceptron (1950s)
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«Bagof tricks»

" " """ (nhorm, batch, training
Slow, long training schedule, tuning)

(Error Backpropagation)
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What are the limitation of Al / DL (in robotics

A One task at a time
A Need a much more multhodal approach (not just images and te
A Different sampling rates
A Different dimensionalities
A Different reliability
A Different (changing?) geometrical arrangement

A Orchestrating different tasks is a challenge
A Data hungry

A Physical world is fundamentally complex and dynamic
A High latency

A Control loop might need <10ms latency and confidence
A Reliability accuracy and robustness




Success came at a high cost

Two Eras of Compute Usage in Training Al Systems

1.00E+04 2X Every Two Years 10X Per Year
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Robustness
Adaptivity
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https://arkinv.st/2ZOH2Rr

Success of

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




On the market today

CPU GPU
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¢ o A0.1g Biological brains:
# A 100K neurons |
A 20M connections A Adaptive
A Flexible
A Fast
Alg brain, 1M neurons, 1mW A Precise

' | ANavigates and learns in unknown A Efficient
SYGANRYYSYGa az2y

A Dealwith reaklworld

A1000g brain, 100 B neurons, 20 W COMPIexity
Aly R2 SOSNEGK A Learn new tasks |

NEo2ta (G2 R2E Aa/ 23yAiGAD




How do brains compute?

L{AE O2NIAOIT &SN ThaMNNorfchE BotitBd 185N

A Consistence check (spatial, temporaj A Adaptive resonance, active sensifig
A. Contlnual Iearnlng and adaptation A Cognitive control of behaviors

3. Cerebellum 4. Hippocampusethorhinalcortext

A Adaptive learnable mappings A Placecells, grid ceIIs
A Muscle coordination, nggment

fine-tuning
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Why (PU and GPU are not a good match for
braininspired algorithms?
A Acl cOGUOAWH2 qWUY q WbRank) teriddrsms LU
A Sparse neural networks (graphs)
A Recurrent neural networks (loops!)

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

A Need asynchronous processing
A Computation is not clocked, rather eventdriven
A Dirrent sampling rates



CPU

SEQUENTIATHTHREADS
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SYNCHRONOUS
CILIOCKING
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GPU

PARALLEL
DENSE COMPUTE

SYNCHRONOUS
CLLOCKING

OFELINE TRAINING IUSING
LABELED DATASETS
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What i1s a neuromorphic chip?
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A Mixed-signal (analogdigital) circuits
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A VLSI chips (alt: |
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LTP Synapses
(128x128)

LTP Synapses
(128x128)

STP Synapses
(128x128)

¥
STP Synapses
(128x128)




Recurrent networks with novel hrospired
properties give thieestgains
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Davies et al, Proc. IEEE 2(Résultsmayvary.

Energy Ratio (vs Loihi)

Directly trained Converted with rate coding

Novel

®  [Task 1] Keyword Spotter DNN

®  [Task 1] Keyword spotting (batch size = 1)

®  [Task 2] Image retrieval (batch size 1)

®  [Task 2] Image retrieval (batch size = 1)

® [Task 3] Image Segmentation

®  [Task 4] CIFAR-10 classification

B [Task 5] DVS gesture recognifion vs TrueNorth

®  [Task 6] Visual-tactile sensing (SLAYER)
[Task 7] Seq MMIST (batch size 1)
[Task 7] Seq MMIST (baftch size 64)

#  [Task 8] Adaptive arm controller [PES)

® [Task9] LASSD

® [Task 10] 1D SLAM

® [Task 11] k-NN GIST 1M

®  [Task 12] Graph search

® [Task 13] Constraint Satisfaction

Unit energy delay product (EDP) ratio




Neuromorphic chips on the (research) market
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Hardware-algorithm co-design!
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Brainstructures and dynamics

|l ence
Behavior




Neural Principles of behavior and cognition
1. Groups of neurons form (attractor) dynamics

https://dynamicfieldtheory.org/

Behavioral studies

vems sonts Neural studies

Model for Working Memory
A Basic element of
A perception

A intentional action




Neural Principles of behavior and cognition
2. Intentional structure of neural states (Neural state machines)

U Attractors need to be actively destabilized
U Anticipating the sensory conseguences of actions
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Sandamirskaya, Schoner, 2010; Richter et al 2012; Billing et al 2015



Neural Principles of behavior and cognition
3. Reference frames. Transformations.

Reﬂnal

Spatial relations Learning relations
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Basic Module

P Plastic connection t}
> Sparse randomly- C
=% initalized connection C
Head Neuron population
Centered . Input population

\ / Lipinski etal 2011 Cook & Diehl, 2016

Storck et al 2014



Neural Principles of behavior and cognition
4. Autonomous learning REEHE omcion S Gy | £
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Prototype boundaries
%% Prototype centers
xxxUnlabeled prototypes
e Labeled support
e+ s Unlabeled support

Feature space

Hajizadaet al 2022, ICONS (best paper award)



