O6uucnaroBaNbHi NPUHLMNK
pPo60OTU MO3KY
Ta
aBTOHOMHI APOHW

OcayneHko B’auyecnas
[ocTboBa nekKuia. Kl
12.10.23



Nexkuia. NnaH

Ornag Npo MO30K Ta APOHU
ObuuncntoBanbHI NPUHLKUNKU, NOPIBHAHHA

[poHn: inel, nepcnekTnusmu



Mo3ok. 3aranbHa apxiTtekrtypa
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Y
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Lisman, J. (2015). The challenge of understanding the brain: where we stand in
2015. Neuron, 86(4), 864-882.
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Flight Stack (PX4)
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HacnpagBpgil Bce cknagHiwe

Hierarchical organization of the monkey visual system (from

Felleman & Van Essen, 1991).
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High-Level PX4 Software Architecture
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O6GumcnoBanbHi NnpuHUMNU (MO3KY Ta BPOHIB)

1. Mopgenb @ principle

[ prinsipl/

2. NepepbaveHHsA
3. KoHTponb

roposition that serves as the foundation for a system of belief or behaviour
or for a chain of reasoning
ETasT P Iples o Justice’

Similar: | truth propasition concept dea theory postulate assumption W

2. a general scientific theorem or law that has numerous special applications across a wide field.




NMpuHumn 1. NMobynoea mopeni (ApoHn)

BapiaHT 1. Mat mogensb.

BapiaHT 2. HaBYaHHA 3 AaHUX
BapiaHT 3. NocepeauHi. (laeHTndikauia cucrem)




NMpuHuun 1. Nobypnosa mopeni (apoHun)
\/

BapiaHT 1. Mart moaenb, ,

LAy ()
1T

: - J - ST

dy(=To —Th + 1o + T3)
and Tp =

OWorid X

0
> T

T = d:l:(_TU + Tl + TE - Tﬂ)

cr(=To+ Ty — 1o+ Ts)
e ————

ZTp+1 = frra(Tr, wg, 1), ) _(l (&
= .y W

Torrente, G., Kaufmann, E., Fohn, P, & Scaramuzza, D. (2021). Data-Driven MPC for Quadrotors.



NMpuHumn 1. NMobynoea mopeni (ApoHn)

BapiaHT 3. NMocepeguHi. (lpeHTndiKauia cuctem)
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Salzmann, T, et.al. (2023 )=Real-time Neural MPC: Deep Learning Model Predictive Control for

Quadrotors and Agile Robotic Platforms
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NMpuHumn 1. NMobynoea mopeni (ApoHn)

BapiaHT 2. HaB4YaHHA 3 AaHUX

a Drone racing: human versus autonomous

[leperoHn Ha ApOHax

Kaufmann, E., Bauersfeld, L., Loquercio, A., Miller, M., Koltun, V., & Scaramuzza, D. (2023).
Champion-level drone racing using deep reinforcement learning. g

10



NMpuHumn 1. NMobynoea mopeni (ApoHn)

BapiaHT 2. HaBYaHHA 3 AaHUX

a Real-world operation

Perception system
e

Previous action

VIO i
i Control policy ©
100 Hz
MLP: 2 x 128

30 Hz 30 Hz

Gate detector

Gate
detections

Real-world deployment

a Single lap time comparison

A

@ | 8

@ o

E

a

[o]

-

8 =
median = Y52 Miqian =576 My =596 M 4. =6.80
N~—" T v T
Swift Vanover Bitmatta Schaepper
TF=aes (n =331) (n = 469) (n = 345)
\

vironment

Ground-truth state

Physics simulation
[ — Tfm Fres ¢

prop res prop
'y

g,
T 3 ;amo é :——

Reward

Residual force and torque

p=v . V= QO+ foaro + e + 9
a '[mfz] 0= I, + Tgro ¥ )

Kaufmann, E., Bauersfeld, L., Loquercio, A., Miller, M., Koltun, V., & Scaramuzza, D. (2023).

Champion-level drone racing using deep reinforcement learning.

__/\

i
Perception Observed state
residual

Real-world
experience
Dynamics J
1

esidual

U

Control
policy
T

Action

https://www.youtube.com/watch?v=HGULBBAOS5IA
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https://www.youtube.com/watch?v=HGULBBAo5lA

NMpuHumn 1. NMNobypnosa mopeni (MO30K)

* [NPNYNHHO-HACNIAKOBI 3B’ A3KMK Functional Areas of the Brain’

Motor Area

) Parietal Lob

] . arietal Lobe
I IaM 97 b control of voluntary muscles syt s
Sensory Area * language

* perception
* body awareness
¢ attention

* skin sensations (temperature,

* A6 CT p a K Lll i.l. pressure, pain)

Frontal Lobe
I_ . . * movement
[ ) e problem solving

e H e p a n I 3 a I'II I FI e concentrating, thinking
* hehaviour, personality,

Occipital Lobe
® yision
® perception

Wernicke's Area

1 d
* Komno3unuis e S
e - * speech control comprehension

Cerebellum

® posture

* halance

e coordination of
movement

* CTUCHEHHA\ Temporslicli

* language
7 S > * memory
Ba ra Brain Stem
® Consciousness

e MocnigosHocTi U= S e

\
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Chaudhuri, et.al (2019). The intrinsic attractor manifold
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" dorsalthalamic nu " biculum of mice” and population dynamics of a canonical cognitive circuit
ntero-dorsal thalamic nucleus ana the postsubiculum of mice across Waking and S'er.
—_——
\

T —

binbwey video


https://www.youtube.com/watch?v=9j8MXqqVUvY
https://www.youtube.com/watch?v=9j8MXqqVUvY

Po3pipxeHe KoayBaHHA

Learned receptive fields

ESZANRLIEINR
ENNENDPRSEE

ENn=24aS .lgijk@/ Outputs of sparse coding network
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Pixel values

e

urrent Opinion in Neurobioclogy

Olshausen, B. A., & Field, D. J. (2004). Sparse coding of sensory inputs. In Current Opinion in
NM

Neurobiology.

Luczak, A., & Maclean, J. N. (2012). Default activity patterns
at the neocortical microcircuit level
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NMpuHumn 2. NepepbaueHHna (MO30K)

* Anticipatory regulation vs feedback 1 ronane
—_— 3 ﬁghﬁﬁi
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NMpuHumun 2. NepepbaueHHn (ApoOHM)

» PID control (feedback)
Bk =

'L J/ de(t }

',K«\ t}—i—I{'] () dr + Ka—

qn=-X%

——

>:Iodel Predictive Control (MPC)
rajectory optimization

(http://underactuated.csail.mit.edu)

”75@%%

A

future

>

9 @ ®
//‘—*_‘ predicted state

open-loop input

kk+1 k+ N

>

— prediction horizon ——»]
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http://underactuated.csail.mit.edu/

D. MPC Formulation

&
In its most general form, MPC stabilizes a system subject

to its dynamics @ = f(x,w) along a reference a*(t), w™(f),
by minimizing a cost £(x,u) as in:

min /ﬁ(ﬂ:,u) 9)
subject to & = fag,.(x,u) xz(to) = Tinit
riz,u) =10 h(z,u) <0

where @ denotes the initial condition and h, r can incorporate
(in-)equality constraints, such as input limitations.

For our application, and as most commonly done, we
specify the cost to be of quadratic form L({xz,u) = |z —
x*||3) + ||lu — u* ||} and discretize the system into N steps
over time horizon T of size dt = T'/N. We account for input
limitations by constraining 0 < u < Uy, and optionally
include the GP predictions within the system dynamics.

N
: T T T
M & g
i .mQﬂ?thZ‘er“’k + uj Ruy, (10)
k=0
subject to @11 = [ ppa(@r, ug, ot)

Ly = Linit

Upnin {_: W '“-“_: Uynax

where f ;-4 can be extended to the corrected dynamics f ..

To solve this quadratic optimization problem we construct it
using a multiple shooting scheme [32] and solve it through a
sequential quadratic program (SQP) executed in a real-time
iteration scheme (RTI) [32]. All implementations are done
using ACADOS [33] and CasADi [34].

\

Torrente, G., Kaufmann, E., Fohn, P., & Scaramuzza, D. (2021). Data-Driven MPC for Quadrotors

20



NMpuHumn 2. NepepbaueHHna (MO30K)

>€ — ‘(;Q(/Q)

3AIMCHIOETLCA WBUAKO Ha OCHOBI CKNagHOT mogeni, /MLP
Lo BUOYaOBYETLCA 3 AOCBIAY,

Ta 36epirae iHbopmaL,ito Ha Pi3HMX PiBHAX abcTpaKL,ii,
\

KOMMNO3ULLIMHO Ta iEpPAPXiYHO.

\_—.—-

21



MpuHuun 3. KoHTpons cepenoeulla (APOHM)
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NMpuHumn 3. KoHTpOonb cepeposmuia (APOHM)




MpuHuun 3. KoHTpons cepepoeuwla (MO30K) Q|

<

* lepapxi4yHi KOHTpONEPH

—

. ‘:.J" *:“ o -ﬂ ‘ - -" ﬁ,—ab‘* '
* KOHTpONb Yepes cumynAaLito MO R
T

i Cgmpetenc@ SL | L.ﬁi} Z,, o~
* Broad set of reusable skills O~ e —
Wb\ EGTCFI6<':\>K3HI-@ L{ Z/ — LN

Al cake by LeCun
( S el £ —sup) f -

4

24



OvuHamMmiuHe nnaHepyBaHHA

— R « albatross #2, mixed flight
40° s RS 0 & | -albatross #4, crosswind

=
~ “4.Low altitude turn

42°E  44°E 46°E 48°E S0°E S52°E  54°E
Eisa, S. A., & Pokhrel, S. (2023). Analyzing and Mimicking the Optimized Flight Physics of Soaring Birds: A
Differential Geometric Control and Extremum Seeking System Approach with Real Time

650 km, 9 h, approximately crosswind flight performed in 8-15 m\s

. N
winds

Bousquet, G. D., Triantafyllou, M. S., & Slotine, J. J. E. (2017). Optimal dynamic soaring consists of
successive shallow arcs.
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ApoHu. NepcneKkTuen

1. Kpawa iHTerpauis Komn'toTepHOro 30py

2. OnTnmisauia nonboty (pisnka, baTapen, AanbHICTDb ..)
3. binbw eHeproepeKTUBHI aNTOPUTMU

4. MNam’aTb NPO MUHYANI NONbLOTH

5. Kpalla KapTa cepeanoBuLLa

6. Pol gpoHiB



NMiacymok

. [ApOHU O0CArAM BpaXKatovoro nporpecy
Ane im e AaneKko 40 MOXK/JINBOCTEN MO3KY
MoTpibHi HOBI Nigxoan, noaibHi A0 BioNOriYHUX

BowoN e

LLlo6 cTBOPUTU PO3YMHI MALLUHMN.



NMiacymok

«0bnacTtb AKpa3 B TOMy CTaHi, Wob B Hi npavuoBaTU»

@ UND&;CTUATED RoBoTICS

Algorithms for Walking, Running, Swimming, Flying, and Manipularion

nature communications

Perspective https://doi.org/10.1038/541467-023-37180-x

Catalyzing next-generation Artificial
Intelligence through NeuroAl

—_———

J
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http://people.csail.mit.edu/russt/

KoHTakTM
* B’ayecnas OcayneHKo
e t.me/viosaulenko
e osaulenko.v.m@gmail.com
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