g institute of
ETHzurich f2uUrolnforsnz

Al Explained -

Demystifying the Technology behind
ChatGPT to shape our Future

Prof. Benjamin F. Grewe
Institute of Neuroinformatics
5th. Sept. 2023, ISPF Lucerne

- rr.*‘}'/ ‘u i"--
\Jl‘,“f v

Sensitivity: C2 Internal



¢

Py T WY

|
|

———— = Y 7 A
— ] === fiugr .t 4
—— = W 'y %’ |
rich ‘ P W E V7
= N4 & 4‘ "éé%/’ /’q
Art nmmAd® 2%’ P |
L T T THr ¢/’ % !
1T TR é /i %.g;?
il | _ "

RS\ )

stitute of

12U rOlnToOrrrz

AR

-

.| [~
SENER

S

N 2'X
e ihed
y o1, 1
X

R

3
‘B
»
‘-

CRRARAMA AL L1000 Y
(CTTITRLRLRLRRLRRRTL
L TLLARAAR LA RAN

:
'p -
== :

N
48
|19 e HE

(

'

Mission of the Institute

The mission of the Institute Is to discover the key principles
by which brains work and to implement these In artificial
systems that interact intelligently with the real world.
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Mission of the Institute
The mission of the Institute Is to discover the key principles

by which brains work and to implement these In artificial

systems that interact intelligently with the real world.
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G-Lab: Creating Synergies to Advance Neuroscience and Al

n Inspire Neuroscience

Hypotheses
N
A—\
> X >R e - \:’(
LSBT - :
Output (St f
.'o'.'"*'*!&. N #s
Input (LSS IS IR =
put
-—/ \
Inspire
Technologies
Artificial Intelligence Natural Intelligence
Deep Networks, Transformers Biological Neuronal Networks
High energy consumption, hundreds of GPUs Highly energy efficient (20W),

Requires huge amounts training data Learns extremely efficient
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Content of Today’s Talk:
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Part |I. Learning in Hierarchical (Deep) Cortical Networks

. .
m Neuroscience

X, &4 O;,>002 Scientific Question:

How does Credit Assignment
" In the Brain work?
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Part |I. Learning in Hierarchical (Deep) Cortical Networks

U .
m Neuroscience

Scientific Question:

How does Credit Assignment
In the Brain work?

Part |I: Understanding Hierarchical Neuronal Representations in Brain

n ‘ Netliroscience

Scientific Question:
What are the neuronal representations of the
sensory input (e.g. image of bus) that allows our brain
to generate goal directed actions?
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Part |I. Learning in Hierarchical (Deep) Cortical Networks

. .
m Neuroscience
O

x1 O ;,aoo1 Scientific Question:
2 O 2
P How does Credit Assignment
x O 0 : :
‘ " In the Brain work?

Our Approach: Make Deep Network Learning more Biologically Plausible.

Why?
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Part |I. Learning in Hierarchical (Deep) Cortical Networks

- . .
Nellroscience

. O N
X2 O O O ?O 0
X, O 0

Engineering:

®* To develop Deep Networks that are more energy efficient.
®* To train Deep Networks with less training data.

®* To enable Deep Continual Learning.

® To train Deep Networks with dynamic data.

Neuroscience:

®* We currently cannot use deep learning algorithms to explain
how credit assignment in the brain works.
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The Brain's Visual Pathway

LGN: Lateral Geniculate Nucleus
V1: Primary Visual Cortex

V2. Secondary Visual Cortes
V3: Third Visual Cortex

LOC: Lateral Occipital Cortex

Image credit Jonas Kubilinas
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Background and Motivation - Part |

The Brain's Visual Pathway

input retina LGN

institute of

V3

Visual Cortex

Quiroga et al., 2005

LOC

fnaurolnrornatices

LGN: Lateral Geniculate Nucleus
V1: Primary Visual Cortex

V2. Secondary Visual Cortes
V3: Third Visual Cortex

LOC: Lateral Occipital Cortex

Image credit Jonas Kubilinas
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Quiroga et al., 2005

Brain Visual Pathway

Deep Neuronal Network
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Background and Motivation - Part |
The Error Backpropagation Method

1. The Forward Pass

Hidden Layers
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Background and Motivation - Part |
The Error Backpropagation Method

1. The Forward Pass
2. The Backward (Error) Pass

Hidden Layers
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The Error Backpropagation Method

1. The Forward Pass
2. The Backward (Error) Pass

Hidden Layers
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The Error Backpropagation Method

Why does Backpropagation not explain
how credit assignment in biology works?

®* Requires separate forward and backward phases.
®* Sends sensory information forward, but error backward.
® Sends errors backward though the SAME weights.

® Is based on discrete stepwise computations.

®* Neuron update/plasticity not biologically observed.
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Seeking Inspiration from Biology

How does this compare
to a biological neuron

INn the neocortex?
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Seeking Inspiration from Biology

Neocortex

Neocortex

Layer of

small

pyramidal
cells

Layer of
large
pyramidal
cells

Mouse Brain Slice

Layer of
polymaorphous

cells

Roman y Cajal, 1906

Grewe et al. 2010
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Seeking Inspiration from Biology

Neocortex

Neocortex

LQJZ" of ' 1 7
Py INGEYY Ul Basal
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Mouse Brain Slice
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Layer of
h  polymorphous

cells

Grewe et al. 2010

Roman y Cajal, 1906
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Seeking Inspiration from Biology

Neocortex

Top-Down
Feedback
(Error)

Neocortex

Layer of

small

pyramidal
cells

Layer of
large
pyramidal
cells

Mouse Brain Slice

Sensory
Input

Layer of
polymaorphous

cells

Roman y Cajal, 1906

Grewe et al. 2010
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Matilde T. Farinha Alexander Meulemans

apical

Top-Down

Sensory
Input

basal

Vi membrane potential

. Meulemans et al. 2020, 2021
ri neuron firing rate

23
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Deep Learning Through Feedback Control rlaurolnforinzeics
Neuron Output / _
. Firing Rate r; =o(v; )
apical Non.
Top-Down Linearity
1 \ Sensory

Input
basal

Vi membrane potential

. Meulemans et al. 2020, 2021
ri neuron firing rate

24
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Neuron Output /

: Firing Rate
apical

Top-Down

Membrane Potential
Dynamics

Sensory
Input vi-1(t)

basal

Vi membrane potential
ri neuron firing rate

Deep Learning Through Feedback Control

u(t) Feedback signal
Qi Feedback weights

institute of
navrolnfornzies

r, =¢(v; )

Non.
Linearity
TU%V,,;(t) — —vi(t) < Wi (ver () |+ @iur

Sensory Feedback

Meulemans et al. 2020, 2021
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Deep Learning Through Feedback Control riavurolnfornzeices
Neuron Output / _
. Firing Rate r; = o(v; )
aplcal Non.
Top-Down Linearity

Membrane Potential d 1) = —v;(1
Dynamics T’“dtvz — Vi

Wid(vi—1(t))|+|Qiu(t)

Sensory Feedback

How can we train this single neuron to detect

a specific sensory input pattern?

Sensory
Input vi-1(t)

basal

Vi membrane potential u(t) Feedback signal

ri neuron firing rate Qi Feedback weights Meulemans et al. 2020, 2021
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| Neuron Output / _
ri* (desired output) Firing Rate r, = ¢(Vz )

apical | Non.

Linearity
. d

Membrane Potential
T; Dynamics T"’ﬁvi(t) = —vi(t) Wiqb(vi—l(t)) +Qiu(?)
()

Sensory Feedback

soma v;

o
9\'

|

Sensory
Input vi-1(t)

basal

Vi membrane potential u(t) Feedback signal

ri neuron firing rate Qi Feedback weights Meulemans et al. 2020, 2021
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| Neuron Output / _
ri* (desired output) Firing Rate r, = ¢(Vz )

apical | Non.

Linearity
! d

Membrane Potential To—vi(t) = —=vi(t) H Wigp(vi_1(t)) |+ Qiu(t)

r; Dynamics di
Feedback start Sensory Feedback
Arpost
soma v;
Positive
? Feedback
b5
Ry <‘
C
| o
\ Sensory é Negative
‘ Feedback
~—— Input vi-1(t)
>

basal
Sensory start Meulemans et al. 2020, 2021
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| Neuron Output / _
ri* (desired output) Firing Rate r, = ¢(Vz )

apical | Non.

Linearity
! d

Membrane Potential To—vi(t) = —=vi(t) H Wigp(vi_1(t)) |+ Qiu(t)

r; Dynamics di
Feedback start Sensory Feedback
Arpost
soma v;
Positive
? Feedback
3
= : T
-
| o
\ Sensory é Negative
‘ Feedback
~—— Input vi-1(t)
>

t

basal
Sensory start Meulemans et al. 2020, 2021

AS



ETHzurich

Neuron Output /

% -
I'i” (desired output) Firing Rate

apical |

° Membrane Potential

i Dynamics

soma v;

o
’\_

|

Synaptic
Weight Update

Sensory
Input vi-1(t)

basal

Deep Learning Through Feedback Control

institute of
navrolnfornzies

r, =o(v;)
Non.
Linearity
d
Ty aVz(t) — —Vf,;(t) Wzé(vz_l(t)) + Q@U(t)
Sensory Feedback
Presynaptic
d Term

TWEWi(t) ={(p(v4(2))|—|p(Wir;—1(t))

Activity w/o Activity with

Feedback Feedback

Meulemans et al. 2020, 2021
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% | Neuron Output /
I'i” (desired output) Firing Rate ' ’ Neuron

Activity

apical |

= Membrane Potential d
T; Dynamics T'“&Vi(t) = —Vi(t) Wiqb(vi—l(t)) +|Qu(t)

Sensory Feedback

Linearity

soma v;

o
0\'

|

Presynaplic

Synaptic
Weight Update
Activity w/o Activity with

Sensory Neuron Feedback Feedback

basal
Meulemans et al. 2020, 2021
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[i* (desired activity)

; fb
apical v,

\
\
\
\
' Controller
\ , "y,

s

;i Asoma v;

L

B . B R B S . - -

Input (Sensory)

Meulemans et al. 2020, 2021
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[i* (desired activity)

- T ————————————————————

’ ; fb
, Q;u apical v,

\
\
\
\
' Controller
\ , "y,

s

We solve a complex
control problem!

i Asoma v;

L

o L T T TN OTTUENMTRTERMTETTTTS " "“’TT"sSTSsT'’ TFTF|T"’‘ sE"“FS™""TTB_

Input (Sensory)

Meulemans et al. 2020, 2021

33



. institute of
ETHzurich Minimising Control for Credit Assignment  riztrolniorrzics

Learning =
—_— 7‘[ (Control Signal) Reducing Help!
alakall¥ & (Loss/Error)

Input (Sensory) Early Late (raining
Stage Stage

Meulemans et al. 2022
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O~ whE

institute of
Minimising Control for Credit Assignment  r=Urolnrormztics

Checkpoint: How Bio-Plausible are we?

We no longer use separate forward and backward phasesx,/
We don’t send sensory information forward and errors back /arél,/
We don’t send feedback signals though the SAME weights¢

We allow continuous (in time) computation. V

Our update/plasticity rule still not biologically pIausibIe.X

Spotlight Awards

(Best 1-2%)
* x*

Meulemans et al. 2020, 2021, 2022
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Neuronal Plasticity in Biology ASUrOINIornztcs
100-: Q
= 80 - QOZ Biological
= 60- ., Data
Spike Timing = % 3 - ;g
Dependent Plasticity 28 < > °o 8 )
(STDP) <D T .
S, ] o o%eg i 0°
N -20_ Od;
_40- o
-60 = ' l ; J i - ]
80 -40 C 40 80

Spike Timing tpost — tpre [ms]

Presynaptic O Spikes I

Neuron

Postsynaptic O I

Neuron Bi and Poo, 1998
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Neuronal Plasticity in Biology NEUrOINIorNztlcs
- 80
o) 50 -
. . O |
Spike Timing = 2 3 -
Dependent Plasticity =3 <| 20- : _
(STDP) =D I VPSS - =¥ S S
§ -
N

-20

-40

-60 f————— — T
-80 -40 C 40 80

Spike Timing tpost — tpre [ms]

Presynaptic O Spikes I

Neuron :
Postsynaptic \O I
Neuron

Bi and Poo, 1998
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Mimicking Biological Plasticity

Pau Aceituno

Awj;
Biology: \
Spike Timing
Dependent Plasticity \ =
(STDP)
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AWij
Biology: \
Spike Timing
Dependent Plasticity \ At
(STDP)

Feedback start

Arpostl

Learning Through Control
Differential Hebbian +
Feedback Control

T Sensory start
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Biology:
Spike Timing
Dependent Plasticity
(STDP)

Learning Through Control

Differential Hebbian +
Feedback Control

AWij

N

N

At

Feedback start

Arpost

Mimicking Biological Plasticity

Positive

Feedback

T Sensory start

t

>

Negative
Feedback

institute of
fnavrolnfornzies

Weight Update

Aw o< [ Tpre(t)Tpost(t)dt

Aceituno et al, 2023, Front. Comp. Neurosc
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AV (Pre) 11 1111
: . . I IS positive
Spike Timing (Post) 11 111111 HTH Thh e

Dependent Plasticity \ Al
(STDP) taw

Feedback start

Arpost
Positive Weight Update
Learning Through Control Feedback
Differential Hebbian + ANTIRG ¢ r £\r E)dt
Feedback Control P re( ) post( )
Negative
Feedback

>

T Sensory start Aceituno et al, 2023, Front. Comp. Neurosc
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Aw (Pre) 11 1111 |10 LD i
Biology: K o . .
: . . I IS positive IS negative
Spike Timing (Post) 11T 11T T AN MW0t  Weweeews teeeen |

Dependent Plasticity \ Al
(STDP) taw { Aw

Feedback start

Arpost
Positive Weight Update
Learning Through Control Feedback
Differential Hebbian + ANTIRG ¢ r £\r E)dt
Feedback Control P re( ) post( )
Negative
Feedback

>

T Sensory start Aceituno et al, 2023, Front. Comp. Neurosc
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Allow to Learn Cortical Hierarchies

MNIST Dataset
(standard benchmark for
handwritten digit recognition)

392L\Y9856/ 8

~SWHhONNW
VY A\NWwWwWWhho~Nnu39
NP~ DWI O~
NVNOCAROQL~N ~ %
- BN E W
O~y
SOy 6 G
N AR CNDO —W G
YR AP MNPRHN &
LW LGN QL

Aceituno et al, 2023, Front. Comp. Neurosc
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Allow to Learn Cortical Hierarchies

61
MNIST Dataset S= 3
(standard benchmark for S d
handwritten digit recognition) g 2 ol
392V 9562/ 8 S3
| g D -3
m

-2 0 2
Bio-Plausible Updates (a.u)

~SWHhONNW
VY A\NWwWwWWhho~Nnu39
NP~ DWI O~
NVNOCAROQL~N ~ %
- BN E W
O~y
SOy 6 G
N AR CNDO —W G
YR AP MNPRHN &
LW LGN QL

Aceituno et al, 2023, Front. Comp. Neurosc
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Allow to Learn Cortical Hierarchies

61

MNIST Dataset S= 3
(standard benchmark for T <

handwritten digit recognition) g 2 ol
392L\V9562/ 8 S3

| g D -3]

m
-2 0 2
Bio-Plausible Updates (a.u)

Classification Error

BP 1.74+0.10%
DFC 1.98 = 0.05%
Bio-DFC 1.89 + 0.15%

~ W ONNW
VY A\NWwWwWiho~Nn39
NP~ DWI O~
NCARNOQL~N ~ %
- BN QW E W
O~ Q
SO 6 G
N CNDO —W 6
YR AP MNPRHN &
LW LGN QL

Aceituno et al, 2023, Front. Comp. Neurosc
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Allow to Learn Cortical Hierarchies

61

MNIST Dataset S= 3
(standard benchmark for S d

handwritten digit recognition) g 2 ol
392L\V9562/ 8 S3

| g D -3]

an
-2 0 2
Bio-Plausible Updates (a.u)

Classification Error

BP 1.74+0.10%
DFC 1.98 = 0.05%
Bio-DFC 1.89 + 0.15%

Classification Error Aceituno et al, 2023, Front. Comp. Neurosc

~ W ONNW
VY A\NWwWwWiho~Nn39
NP~ DWI O~
NCARNOQL~N ~ %
- BN QW E W
O~ Q
SO 6 G
N CNDO —W 6
YRARPAMPDRIN &
LW LGN QL
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Hierarchical (Deep) Learning though Control

Backpropagation
of the Error

Learning Through Controlling
a Complex Dynamic System

.\\V//‘*“_x\llz \"(/.“

WX ,, v SR N ‘l A S
e v AN /‘\ N @ »—:\v,//
&6@‘&;’"‘“ N > NN N ®

ST "3“’ > ‘0'/ § :»‘ “ ;'2‘: \ Iw f"e S \0\'//
P @ ’0‘ 2R “ " "' % o*(#‘ ~NORSK X
6’%\@' w,(,’,«\“ \ ,07'« R 9\\ / «'I‘ ‘\_A, 5%, . \/'&
IR SR LSO
~,'A 4§ /é 757 AN ‘ \
SRR ' ,;: «\.\\'/ /0»\ VI >\ .
~ f“ “““““““ — Learning =
Reducing Control
Feedback!

Advantages:

® Continuous / asynchronous updates and data processing.

®* Absence of phases or back-propagation errors (+ uses less memory).
* Naturally works with time series data.

®* Very simple learning rule that is local in space and time.

Aceituno et al, 2023, Front. Comp. Neurosc
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Hierarchical (Deep) Network Learning though Control

Home > Biological Cybernetics > Article

Bio-inspired, task-free continual learning
through activity regularization

Original Article | Open Access | Published: 17 August 2023 | (2023)

i What are your technology predictions for 20237

I'm sorry, but | am not able to browse the internet or access current information, so | am
unable to provide you with any technology predictions for the year 2023. My training data

only goes up until 2021, and | do not have the ability to browse the internet or access

current information. Is there anything else | can help you with?

[ 4 A4

® Enables Continual Learning when neuronal activity IS sparse.
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(Deep) Learning though Control in Hardware

Neu_romorphlc L earning by Building a
Jevices Controlling a complex » Neuromorphic

= Ultra low-power Dynamic System Device for low-power
- Scalable to 3D Deep Learning

Matteo Saponati
(Grewe lab)
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® |s ideally suited for low-power deep learning on neuromorphic processors.




institute of

ETHzurich y
m-:uromrorrr t1Co
(Deep) Learning though Control in Hardware
geu_romorphlc Learning by Building a
- evllcesl Controlling a complex » Neuromorphic
Ultra low-power Dynamic System Device for low-power
- Scalable to 3D Deep Learning
Group Matteo Saponati
A INI (Grewe lab) Cartiglia et al, 2022, IEEE
Teach Learning
Sensory input
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® |s ideally suited for low-power deep learning on neuromorphic processors.
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(Deep) Learning though Control in Hardware

*
TECHNOLOGY SOLUTIONS PRODUCTS COMMUNITY NEWS ABOUT US CONTACT 2254 Q
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Netliroscience

Weight Update

Aw / rore (£ oot ()

Plasticity is only ‘ON’ when Feedback is active!
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Netliroscience

In Vitro Measurement of
Neuronal Activity & Plasticity

Weight Update

Plasticity is only ‘ON’ when Feedback is active!

We are testing this theoretical
prediction in biological neurons!
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Netliroscience
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Layer of
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cells

Sensory
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Netliroscience

Electrical
Stimulation
Pipette

- apical stim.

1 Feedback active

Neuronal Activity
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420 Neuronal Plasticity
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Calcium level (a.u)

Video Credit; R. Loidl
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input retina

Part |l: Understanding Hierarchical Neuronal Representations in Brain

‘ Neuroscience

Scientific Question:
What are the neuronal representations of the
sensory input (e.g. image of bus) that allows our brain

to generate goal directed actions?
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Scientific Question:
What are the neuronal representations of the sensory
Input (e.g. Image of bus) that allows our brain to
generate goal directed actions?
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Prof. Dr. Jean Piaget

s Swiss psychologist The Concept of Affordance in Psychology.
" Neuchatel. 1896-1980
| “13 UNIVERSITE Affordance alludes to the qualities of an object or situation that
& DE GENEVE . . .
define its possible use or make clear how it can or should be used.
gnger_sité
€ raris

Affordance adheres to the idea that perception and action are
iInseparable (Principles of Genetic Epistemology, Jean Plaget).
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Investigating Abstract Stimulus Representations in mPFC
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Investigating Abstract Stimulus Representations in mPFC
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Investigating Abstract Stimulus Representations in mPFC
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Investigating Abstract Stimulus Representations in mPFC
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Investigating Abstract Stimulus Representations in mPFC

Action Generation

e Lj Lj

‘Learning induces .
representations of Stimulus &

o%e O

PEC Y/ Th_THAL

behaviorally relevant
stimuli’

Burgos-Robles et al. 2009
Le Merre et al. 2018

Otis et al. 2017 Behavior
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Investigating Abstract Stimulus Representations in mPFC

Action Generation
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‘Learning induces .
representations of Stimulus &

o®e o

PEC Y/ Th_THAL

o

behaviorally relevant
stimuli’

Burgos-Robles et al. 2009
Le Merre et al. 2018
Otis et al. 2017

‘mPFC activity guides/

Behavior alters behavior’

Murugan et al. 2017
Otis et al. 2017
Rozeske et al. 2018
Diehl et al. 2020




ETHzurich

institute of
navrolnfornzies

Investigating Abstract Stimulus Representations in mPFC

Electrode

Measured potentials
for each electrode
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Measuring Neuronal Activity in the Mouse Brain
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Investigating Abstract Stimulus Representations in mPFC

Data

Neurons

waa
e
N

n=12 mice,
3395 neurons

The bus neuron is actually
100 or 1000 neuron’s. The bus is encoded
as a pattern of activity.
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Investigating Abstract Stimulus Representations in mPFC

Data Task Variables

Neurons Latent variables

n=12 mice, Cunningham and Yu, 2014

3395 neurons

Interesting latent/task variables for us:
- Shuttle motion

- Auditory tone stimulus

- Direction of shuttle motion

The bus neuron is actually
100 or 1000 neuron’s. The bus is encoded
as a pattern of activity.
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Investigating Abstract Stimulus Representations in mPFC

Data Data Analysis Method Task Variables

Neurons Population space Latent variables

n=12 mice, Cunningham and Yu, 2014

3395 neurons

Interesting latent/task variables for us:
- Shuttle motion

- Auditory tone stimulus

- Direction of shuttle motion

The bus neuron is actually
100 or 1000 neuron’s. The bus is encoded
as a pattern of activity.
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Joint

Subspace

n=12 mice,
3395 neurons

Ehret et al. final revisions @ Nature Neurosc.
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n=12 mice, Motion 1
3395 neurons (M1)

Ehret et al. final revisions @ Nature Neurosc.
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Remove Remove
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n=12 mice, Motion 1 Aid 1

3395 neurons (M1) + (AV1)

Ehret et al. final revisions @ Nature Neurosc.
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Ehret et al. final revisions @ Nature Neurosc.
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Ehret et al. final revisions @ Nature Neurosc.
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Shuttle
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Random J
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® Avoid Action Start

Ehret et al. final revisions @ Nature Neurosc.

Before Learning
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Emerge with Learning Task 1 & 2
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Ehret et al. final revisions @ Nature Neurosc.

Before Learning
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A candidate neural representation for ‘Affordance’.

Prof. Dr. Jean Piaget The Concept of ‘Affordance’ in Psycholo

Swiss psychologist and pioneer Affordance alludes to the qualities of an object or situation that
Neuchatel. 1896-198& . . . .
define its possible use or make clear how it can or should be used.

Affordance adheres to the idea that perception and action are
iInseparable (Principles of Genetic Epistemology, Piaget).
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Conclusions Part |l: The Nature of Semantic Representations
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MPFC sends these signals
backward for learning
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Conclusions Part |l: The Nature of Semantic Representations

t

We are using motor signals to supervise the hierarchical learning of objects.

Step 1
ZUKUNFTSBLOG ° DIGITALISIERUNG Ground Truth Prediction

Kl muss lernen wie ein Kind

Neue KI-Systeme verbluffen, doch Menschen reichen sie nicht das Was-
ser. Benjamin Grewe pladiert deshalb dafur, dass intelligente Maschi-
nen von morgen so lernen wie kleine Kinder. g \ \
\ L B¢ k\ i/’/»’ﬂ
Hamza Keurti

Keurti et al., 2023, ICLM
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Prompt: Robotic Action Transformer (RAT)
Wipe the table with thin cloth.

Pick cube and place in bowl.

Pick lying bottle from bowl.

Pick coffee cup from pedestal

- Push bowl around the table.

- Pick standing bottle from pedestal.

- Pick cube and place in bowl, with distractors.

Robert Katzschamnn

Movie Credit Elvis Nava

ChatGPT: Prompt to Prompt
Dalle: Prompt to Image

Camera Image
Table Scence Developed @

ETH Al CENTER RAT: Prompt to Action

Nava et al., 2023, TMLR

87




>
qv
e
D
af)
i
qv
ks
= £
Q. >
S(
O
LTS
.ma
Bn
@) N ¢b
£ o
T o
wm

0p)
S 9

(@)
O
@
C
e
O
b,
_I
<

|OUr

-

-

C

TH Al

-



i Virtual Action

Transformer (VAT
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Summary: Advancing Neuroscience and Al

n Inspire Neuroscience

Hypotheses
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Inspire
Technologies
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