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Pieter Abbel - predmet: Artificial Intelligence, Berkeley
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Prednasky: Koncept

Strojové ucenie

\4

Ucéenie s ucitelom
Ucéenie bez ucitela

Ucenie odmenou a trestom

[(KNIHA] Reinforcement learning: An introduction

RS Sutton, AG Barto - 1998 - cell.com

The present book is an excellent entry point for someone who wants to understand intuitively
the ideas of reinforcement learning and the general connection between its parts. It is not,
however, a mathematical 'how-to'book, replete with proofs and pointers to unsolved
Citované 23457-krat Suvisiace Clanky VSetky verzie 48 Citovat Ulozit
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Prednasky: Koncept

Strojové ucenie

\4

Ucéenie s ucitelom
Ucéenie bez ucitela

Ucenie odmenou a trestom

ISI - modelovanie v deterministickych prostrediach, definicia stavu
SMAD - Zakladna baza vedomosti pre reinforcement learning, MDP procesy, Bellman rovnice, SARSA,
Q-learning, Actor-Critic pristup, Deep reinforcement learning
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ISI - 2. roé¢nik

e Single-agent vs. multi-agent
e kooperacia vs kompetetivnost

e Deterministicky vs stochasticky priestor
e Dalsi stav prostredia je plne uréeny sti¢asnym stavom agenta a jeho akciou

e Staticky vs. dynamicky priestor
e Statické prostredie sa nemeni, kym agent rozmysla o urobit :)
e Semi-dynamické: prostredie sa s Casom nemeni, ale miera vykonu ano

e Diskrétny vs. spojity priestor

e Uplny vs. ¢iastoény (Fully observable vs. partially observable)
® Senzory poskytuju Uplny obraz o stavovom prostredi agenta
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ISI - 2. roé¢nik

Metody: vyhladavanie v strome (DFS, BFS, A*), constraint satisfaction problems

+ lokalne hladanie: hill climbing, simulované zihanie
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Reinforcement learning

e AlphaGo (Google DeepMind) - 2015,
e 9-dan od Chinese Weigi Association.
e \/yuziva vyhladavanie v strome a hlboké neurénové siete.

Za ucelom trénovania sa vyuzivaju historické hry Sampidnoy,
ako aj pocitacové tahy.
* Hry Atari vyuzitim hlbokého reinforcement learning ucenia.

e https://deepmind.com/blog/article/alphastar-mastering-re
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https://en.wikipedia.org/wiki/Chinese_Weiqi_Association
https://deepmind.com/blog/article/alphastar-mastering-real-time-strategy-game-starcraft-ii

Reinforcement learning: Sucasnost

RandomAgent on LunarLander-v2

Gym is a toolkit for developing and comparing

reinforcement learning algorithms. It supports teaching
agents everything from walking to playing games like
Pong or Pinball.

View documentation »
View on GitHub »>

RandomAgent on Ant-v2
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Reinforcement learning: Sucasnost

AlphaGo

https://www.youtube.com/watch?v=8tq1C8spV_g
MSc work
https://www.youtube.com/watch?v=6H-FRDOgsCc

Project
https://www.youtube.com/watch?v=V1eYniJORnk
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https://www.youtube.com/watch?v=8tq1C8spV_g
https://www.youtube.com/watch?v=6H-FRDOgsCc
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Multi-armed bandit problem
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Multi-armed bandit problem

Vyherny automat - bandit

Paka automatu - arm

. -
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Rule Them All

N automatov v kasine

1050 x 683

Sutton, R., Barto, A., Reinforcement learning: Introduction (2nd edition), MIT press, 2018, pp: 25-42
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Multi-armed bandit problem

» Jedno-stavovy problém
> RieSenie: empirické zistenie oCakavanych vyhier

» t.j. vyber vyherného automatu a hranie R(s, a;, )
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Multi-armed bandit problem

» Predpoklady: mnoZina akcii so stochastickou odmenou R
> Trénovanie modelu?

* Volba optimalneho automatu a (t.j. najvacsi ocakavany

reward g«(a), kde g«(a) = E[R,|A, = a]

> Aplikacie:
» Cielenie reklamy na koncového zékaznika

» Evaluécia a vyber klinickych postupov v medicine

Volosin, M., Gazda, J., Drotér, P, Bugar, G., & Gazda, V. (2016). Spatial Real-Time Price Competition in the Dynamic Spectrum Access Markets.
In Multi-Agent Systems and Agreement Technologies (pp. 217-229), Valencia, Spain, Springer, Cham.
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Multi-armed bandit problem
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Reward distribution

Action

Technical University of KoSice
Department of Computers and Informatics




Multi-armed bandit problem: RieSenie vyuzitim Action value pristupu

. sum of rewards when a taken prior to ¢ Zf;} R;-14,—¢

number of times a taken prior to ¢ Z::i lg,—q

R(s,a;) R(s,a;) - R(s,ay)

Nas ciel, odhad charakteristik akcie, ktord vhodne aproximuje redlne skutoc¢nosti: Q,(a) — g-(a)

Metodoldgia: vyber greedy akcie (exploitation), vs. spozndvanie charakteristik akcii (exploration)
Exploitation faza: 4, = argmax Q,(a),

Exploration fdza: Nahodny vyber akcie a
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Riesenie: Epsilon-greedy exploracia

. sum of rewards when a taken prior to ¢ Zf;% Ri-14,-q

number of times a taken prior to ¢ Z::i lg,—q

R(s,a;) R(s,a;) - R(s,ay)

e Spravajme sa greedy, avSak s pravdepodobnostou epsilon (€) hrajme ndhodny automat (akciu), t.].
e s pravdepodobnostou € tahaj ndhodnu akciu

e s pravdepodobnostou 1- € hraj greedy, A; = argmaxQ;(a),
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Multi-armed bandit problem: RieSenie
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Multi-armed bandit problém: RieSenie, explor. vs. exploitation
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Inkrementalna implementacia Action Value pristupu

;R1+R2+---—I—Rn_1
N n—1

Qn

Problém skalovatelhosti, ak n —» o

RieSenie: inkrementalna implementacia vypoctu Q hodndt jednotlivych akcii

1
Qn—i—l - E Z Rz
NewEstimate < OldEstimate + StepSize [Target — OIdEstimate]

=1

(Rn +(n— 1)ﬁnz_:Rz)

1
= %(Rn + (n — 1)Qn)

- %(Rn+nQn—Qn)
= Qn‘l‘%[Rn_Qn]’

Sutton, R., Barto, A., Reinforcement learning: Introduction (2nd edition), MIT press, 2018, pp: 31
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Inkrementalna implementacia Action Value pristupu

A simple bandit algorithm

Initialize, for a = 1 to k:

Qa) «+ 0
N(a) <0

Loop forever:
A | argmax, Q(a) with probability 1 —e  (breaking ties randomly)
a random action with probability e
R < bandit(A)
N(A)+ N(A) +1
Q(4) « Q) + ks [R - Q(A)]
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Implementacia Multi-armed bandit vyuzitim Q hodnot
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Gradientny pristup rieSenia Multi-armed bandit problému

Hy(a) : =
Pr{A;=a} = ke H,(b) = m¢(a) Hyy1(Ar) = Hy(Ar) + O‘(Rt - Rt) (1 - “t(At))a and
2pr e Hyyq(a) = Hy(a) — a(R: — Ry)m(a), for all a # Ay,
* 7m(a) je pravdepodobnost vyberu akcie a v Case t * R, je priemernd odmena ziskan do ¢asu t (baseline)

e H(a) je preferencia (logit) agenta pre akciu a*
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https://en.wikipedia.org/wiki/Softmax_function
Sutton, R., Barto, A., Reinforcement learning: Introduction (2nd edition), MIT press, 2018, pp: 37-41
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Reward distribution

Alternativa k exploracii

e Optimistické pociatoc¢né hodnoty

e napr. Qy(a) =5,Va
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Zakladné poznatky

e Exploréacia vs vyuZzivanie znalosti (exploration vs exploitation) v stochastickych prostrediach

e Multi-armed bandit problem: stacionarny vs. nestacionarny problém

e ¢ greedy stratégia, rovnovaha medzi ziskavanim znalosti o modeli, resp vyuzivanie znalosti
o modeli s cielom maximalizovat ocakdvani odmenu

* Action-value pristup (vypocet oCakavanej hodnoty pre jednotlivé akcie a) (neskér Q a SARSA
learning)

* Gradientny pristup (vypocet preferencie vyberu jednotlivych akcii) (neskér Actor-Critic metddy)
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Markovove rozhodovacie problémy

(Markov decision process, MDP)
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Grid world

Problém labyrintu:
e Agent sa pohybuje v bludisku

e Steny labyrintu blokuju pohyb agenta

Akcie agenta:

80% akcie vedie deterministicky na
planované miesto (sever)

10% akcii vedie agenta na vychod a
zapad

V pripade Ze agent narazi na miesto,
zastane

Odmena agenta vs uzitok agenta (reward vs utility (return))
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Grid world

Deterministicky stavovy priestor Stochasticky stavovy priestor
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Grid world

e MDP je charakterizovany:
e Mnozinou stavovs € S
e Mnozinou akciia € A

® Prechodovou pravdepodobnostou T(s, a, s)

resp. podmienenou p. P(s | s, a)
e Odmenou R(s,a, s)
e Startovaci stav

* Konecny stav
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MDP

’J Agent ||
state reward action
S, R, A,
i Ru»l [
P

< Environment ]4

\
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Markovov problém (vysvetlenie): agent sa nachddza v Case t v stave s, pricom buduce
stavy s’ a navstivené stavy s” sl na sebe nezavislé.

P(St+l — 3,|St = StaAt e at>St—1 — St—l,At—l,---So — 30)

P(5t+1 = 8'|St = 84, Ay = at)

Analdgia s planovanim (ISI): potomok v strome je jednoznac¢ne uréeny predchadzajlucim
stavom a akciou,
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Priklad
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Strategicky profil

» V deterministickych prostrediach (ciel):

sekvencia akcii z $tartovacieho stavu S do cielového stavu G
* Pre MDP, je snahou néjst optimélny str.profil z* : § — A:

> Strategicky profil & uréuje akciu pre kazdy stav s v MDP

» Optimalny strategicky profil z* maximalizuje ocakavany

uzitok (utility, return) agenta

Optimalny strategicky profil, kde R(s, a,s’) = — 0.03,

pre vSetky stavy s
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Optimalny strategicky profil
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Optimalny strategicky profil

R(s) = -0.03
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Optimalny strategicky profil

R(s) = -0.03

R(s)=-04
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Optimalny strategicky profil

R(s)=-04
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Optimalny strategicky profil
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Optimalny strategicky profil
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Postupnost odmien v MDP

e Preferencie agenta vzhladom na postupnost odmien?
e Priklad: [1,2,2] vs [2,3,4]

e Priklad: [0,0,1]vs[1,0,0]
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Discounting (diskontovanie)

* Snaha agenta (max Uzitok): maximalizovanie hodnoty suc¢tu odmien ziskanych v MDP
» V dosledku stochasticity MDP je vhodné preferovat odmeny ziskané skor, ako neskor

» RieSenie: discounting, hodnoty odmien klesaju exponencidlne s casom (budicnostou)

\ g
1

Sucasnost Dalsi krok Dalsie 2 kroky

’7/ /\/ /
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Discounting (diskontovanie)

e Ako diskontovat?

e \/ kazdom vnoreni v strome nasobime y

* Preco diskontovat? v 1 <

e Odmeny ziskané skér maju vacsi uzitok ako tie neskor ~
® Diskontovanie umoznuje konvergenciu algoritmov -
) <
.
- .
2 A
é. 7 -
- - o &
-
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Discounting (diskontovanie)

e Ako diskontovat?

e \/ kazdom vnoreni v strome nasobime y

* Pre¢o diskontovat? v | .

V4 V4 N . 7 [NV EAVEy4 VARVl . N "
e Odmeny ziskané skér maju vacsi uzitok ako tie neskor L

® Diskontovanie umoznuje konvergenciu algoritmov

e U[1,23]vs[3,2,1], ¥=0.5 2

Sutton, R., Barto, A., Reinforcement learning: Introduction (2nd edition), MIT press, 2018, pp: 53-58
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Tedria preferencie (stacionarita preferencii)

:
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Tedria preferencie (stacionarita preferencii)

e Uvazujme stacionarne preferencie agenta, t.j. plati*

la,ay, ...]1 > [by, by, ...]

I

[r,ay,a,,...]1 > [r,b,D,,...]

Za predpokladu stacionarity preferencii agenta, existuju 2 typy
uzitkovych funkcii agenta:

e Additivny uzitok:
U([RO’RI’RZ’ .]) — RO +R1 +R2 + cees — ZRH_k_I_l
k=0

e Diskontovany uzitok:

k=0

*Drouhin, Nicolas. "Non-stationary additive utility and time consistency." Journal of Mathematical Economics 86 (2020): 1-14.
. ]
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Kviz

Uvazuime:
10 1
a b ¢ d e
» Akcie: vlavo, vpravo a terminalne stavy (a, e)
» Deterministicky stavovy priestor
Kviz ¢. 1: Pre y = 1, nacrtnite optimalny strategicky profil 10 1
Kviz €. 2: Pre y = 0.1, nacrtnite optimalny strategicky profil 10

Kviz €. 3: Pre aké y, bud mat akcie vlavo a vpravo v stave d rovnaky Uzitok
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Nekonecny uzitok?

e Formulécia problému: Co ak je nd§ MDP nekoneény, t.j. neexistuje terminalny stav

e Riesenie: Konecny horizont (idea depth-limited search)

e Ukoncenie epizddy po T Casovych jednotkach

e \/znika nestacionarny strategicky profil

lyT it _ _ 6a7' h
s a s’ p(s’'|s,a) | r(s,a,s’) — 1-8,-3 ~
' TA e AN I high search high | T
e Diskontovanie: vyuzitie y € (0,1) Meh serd M@ | Tsewa
low search high | 1 -7 =
low search low B Tsearch
high wait high 1 Twait
=00 high wait low 0 -
" low wait high | O -
—_— low wait low 1 Twait
PY U([RO, Rl, R2, . .) -_ }/ Rl. S RMAX/(l - 7/) low recharge high | 1 o
low recharge low 0
=0
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Zhrnutie

e Markovov rozhodovaci problém:
eMnozina stavov §

®/ZaciatoCny stav s

eMnozina akcii A

ePrechodové pravdepodobnosti P(s’| s, a), resp. T(s, a, s’)
eOdmeny R(s, a, s') a diskontovaci faktor y

o77(s): deterministicky vs. stochasticky
® Prechddzanie MDP:

eStrategicky profil: Vyber akcie pre kazdy stav MDP

eUzitok: suma diskontovanych odmien
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Vyuzitie v telekomunikaciach
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SBS

MBS //>—_; MU’s trajectory > Offloading direction

FIGURE 2 | lllustration of user-centric task offloading for MEC in UDN.
The two dotted lines represent the uncertain future tracks of the MU.

LIU, S., Cheng, P., Chen, Z., Vucetic, B., & Li, Y. A Tutorial on Bandit Learning and Its Applications in 5G Mobile Edge Computing. Frontiers in Signal Processing, 29.
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Dynamic spectrum access
SpecEx L) Tc---. (wholesale trading type)
server - ------> wholesale leasing
% s . el T —————p  service request broadcasting

service provisioning

Multi-homing
(retail trading type)

N End-users

Gazda, J., Bugar, G., VoloSin, M., Drotar, P., Horvath, D., & Gazda, V. (2017). Dynamic spectrum leasing and retail pricing using an experimental economy. Computer
Networks, 121, 173-184.
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