Vyuzitie neuranovich sieti pri
simulaovanej robotike

Bc. Martin Kubovcik
Veduci: prof. RNDr. Jiri Pospichal, DrSc.



Obsah

* Prostredie

* Soft Actor-Critic

* DeepMind Reverb
* Vylepsenia

* Imitacné ucenie

e Sim-to-Real



Prostredie

* OpenAl Gym
* PyBullet

* DeepMind Control Suite



Prostredie
mlnltaurBuIIztEnv-vo
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Prostredie
MinitaurBulletEnv-vO0

28 priznakov v stavovom priestore

8 akcnych clenov

Rozsah akcii [-1.0, 1.0]

Vstupy: uhly motorov, rychlosti rotacie motorov, krutiace momenty motorov, pozicia

robota, orientacia robota

Odmena: pohyb vpred, trest za nepriamociaru chddzu, trest za trasenie sa, trest za

pouzivanie motorov



Prostredie
BipedalllalkerHardcore-v3

Hull

Hip Joint Knee Joint

Lidar

Terrain

i

ﬁ C m Ij p\/ Zdroj: https://pylessons.com/BipedalWalker-v3-PPO#




Prostredie
BipedalllalkerHardcore-v3

e 24 priznakov v stavovom priestore

4 akcné cleny

Rozsah akecii [-1.0, 1.0]

Vstupy: uhol trupu, uhlova rychlost trupu, rychlost robota, uhly kiboy,

rychlosti rotécie kibov, kontakty néh so zemou, LIDAR

Odmena: pohyb vpred (normalizovany na 300 bodov ak dosiahne ciel),

drzanie hlavy rovno, trest za pouzivanie motorov, -100 za pad na zem



Prostredie
Quadruped

Zdroj: https://www.deepmind.com/publications/dm-control-software-and-tasks-for-continuous-control



Prostredie
Quadruped

* 90 priznakov v stavovom priestore
e 12 akénych clenov
* Rozsah akcii [-1.0, 1.0]

« Vstupy: uhly kibov, rychlosti rotécie kibov, rychlost robota, senzor IMU (GYRO+ACC), rychlost
rotacie, rychlost lopty relativna k rychlosti robota, pozicia lopty relativna k pozicii robota, cielovd

pozicia pre loptu relativna k pozicii robota

* Odmena: vzdialenost od lopty, vzdialenost lopty od ciela, trup vzpriameny v osi z (+1 ak je

v tolerancii, inak <1)



Q-Learning

e Off-policy algoritmus

* Markov decision process
kvalita Q vykonanej akcie a,

Sn,dn, 1,5 :
o %1' discount factor

/_

* O(s,a)=r+y+max, Q(s',a’)

maximalna kvalita Q akcie na za vykonanu akciu vztah

« Cim viac ideme do buduicna tym niZ&iu vahu

y tomu prikladame

Zdroj: https://neuro.cs.ut.ee/demystifying-deep-reinforcement-learning/
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Deep Q Netwaork

* Univerzalny aproximator nelinearnych
funkcii

* Transformacia vysoko rozmernych dat
(2D obraz) do Q-hodn6t

* Problémy s nestabilitou pocas ucenia
(local minimum) — mnozstvo trikov —
target network, experience replay

buffer

Q-value 1

Q-value 2

Q-value n

Network

State

Zdroj: https://neuro.cs.ut.ee/demystifying-deep-reinforcement-learning/
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Soft Actor-Critic

Policy Gradients

[Go Right ]

Zdroj: https://pylessons.com/Beyond-DQN#

Please wait, | am still
calculating Q value, only
41891 actions left...
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Soft Actor-Critic

* Maximalizacia entropie
e Maximalizacia Q funkcie

* Dvojica nezavislych modelov Actor (policy) a Critic (Q value)

entropia nahodnej premennej X vyjadrenie entropie pre Gaussovu
/ distribuciu

HOO = - Zp(xl)logbp(xl)— E[loghV (1,0%)]

L

pravdepodobnost vygenerovania konkrétnej

hodnoty x;

UCcmrrv
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Soft Actor-Critic

Gaussova distribucia — predikcia priemerov a smerodajnych odchylok
Efektivnejsie prehladavanie na rozdiel od Twin Delayed DDPG (TD3) alebo
Deep Deterministic Policy Gradient (DDPG)

Menej citlivé na ladenie hyperparametrov

Adaptivny podiel entropie na chybovych funkciach

Zdroj: https://hbr.org/2007/11/a-leaders-framework-for-decision-making
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Soft Actor-Critic
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Zdroj: https://medium.com/intro-to-artificial-intelligence/soft-actor-critic-reinforcement-learning-algorithm-1934a2¢c3087f



Soft Actor-Critic

 Odmeny su v rozsahu [-1.0, 1.0] — funkcia tanh

* Chybove funkcie: /

JTL@® = Egpep,epmar [ 10g Ty (FyCec 50| 5:) — Qo st fp(eer50)))
AN

podiel entropie na chybove;j fu predikovana Q-hodnota

|

1
JQ(®) = Egspap~n [5 (Qo (56, ac) = (r(se, ac) + ¥ (Qo(Sery, aren) — @log Ty (@ean [ 5641))))?
\ =
entropia distribucie

funkcia odmer faktor Q-hodnota Pre nasicuujuci suav

cmrpv .
Q-hodnota pre aktualny stav




Soft Actor-Critic

Lcmr. .

Zdroj: https://medium.com/common-notes/gradient-ascent-e23738464a19
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DeeplTlind Reverb

Klient-server architektura
Actor — zbiera skusenosti v hernom prostredi
Learner — aktualizuje parametre neurdnovych sieti

Databaza — distribucia dat po pocitaCovej sieti (Experience Replay)

experiences samples

ES e

weights weights

Actor
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Vylepsenia

Controlling Overestimation Bias with Truncated
Mixture of Continuous Distributional Quantile
Critics

Controlling Overestimation Bias with Truncated Mixture of Continuous Distributional Quantile Critics

M atoms NM atoms Smallest kN atoms
iR k=M —d
I dN atoms removed

sy 74 —
PRI =y il

q q

Truncate Discount, shift

Zy(s'd) - Zn(s,a) 2() (s',a'), i€ [1.NM] 2(3) (s',a"), i€ [1..kN] ﬁ Zi‘ivl o(r + -~ [z(i) — «alog 7T])
N critics Mixture Truncated mixture Target distribution, Y (s, a)

Zdroj: http://proceedings.mlr.press/v119/kuznetsov20a/kuznetsov20a.pdf
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Vylepsenia
Generalized State-Dependent Explaration
(gSDE)

* Parametre Sumu 6, su generovane len kazdych n krokov pocas

epizody

° I deterministicka akcia prediko nahodna premenna z Gaussovej distribucie
Namiesto stavu s i s nulovym priemerom a smerodajnou odchylkou

at = W(st; eu) + &(st; Bg) g(s; B¢) = eszp.(s) danou trénovanymi parametrami

\ e ~ N(0, 62) \
latentny priestor modelu

§umové zloika LAVIdId UU dLAdvu

UCcmrrv
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Vylepsenia
Generalized State-Dependent Explaration
(gSDE)
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Figure 1: Left: unstructured exploration, as typically used in simulated RL. Right: gSDE provides smooth and
consistent exploration.

Bl
LI E m F p\/ Zdroj: https://proceedings.mir.press/v164/raffin22a/raffin22a.pdf
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Imitacne ucenie

e Vstup: RGB obraz 96x96 pixelov, normalizované do
rozsahu (-1, 1)

* Rekurentna jednotka GRU kvoli Casovej sérii obrazov

* MobileNetV2

* Detekcia smeru pohybu auta voci okoliu

e \ystup: volant (-1, 1), plynovy pedal (0O, 1), brzdovy
pedal (O, 1)

* Vyuzitelnost v redlnej robotike — kamera, GPS

image_input: InputLayer

input: | [(7, 4,96, 96, 3)]

output: | [(?. 4,96, 96, 3)]

l

normalization(lambda): TimeDistributed(Lambda)

input: | (7,4,

96, 96, 3)

output: | (7,4,

96, 96, 3)

l

. . . o . mput: | (7,4, 96, 96, 3)
MobileNetV2(mobilenetv2_1.00_96): TimeDistributed({Functional) _
output: (7,4, 1280)
input: | (7, 4, 1280)
gru_l: GRU b
output: (7,32)
input: 7,32
FC_0: Dense £ (. 32)
output: | (7, 64)
input: | (7, 64)
FC_0_dropout: Dropout
output: | (7, 64)
input: | (7, 64) input: | (7, 64)
steering: Dense acceleration_brake: Dense
output: | (?7,1) output: | (?,2)
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Sim-to-Real

Zdroj: http://www.roboticsproceedings.org/rss14/p10.pdf
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Sim-to-Real

* Actor — predstavuje robota v simulovanom/realnom svete
* Learner — server alebo cloud — trénuje robota

e Databdaza — server alebo cloud — uchovava skusenosti robota
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Dakujem za pozornost

GitHub: https://github.com/markub3327
Email: kubovcikl@ucm.sk

Instagram: https://www.instagram.com/martin.kubovcik/
Twitter: https://twitter.com/markub3327
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