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Reinforcement Learning




Reinforcement Learning
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Reinforcement Learning
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(Grid World - Mario World)
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Reinforcement Learning
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Reinforcement Learning

Ol O] HE 7} A A HON Ay 22 U =T AlHe| 85 Z=lcls YES 08

AE =+ U

l o £,

S DMQA



Markov Decision Process(MDP)
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. QM (Action)
: 2HEl| ' 22hE (State transition probability)
. H 2 (Reward)
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Markov Decision Process(MDP)
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Markov Decision Process(MDP)

y : &2l & (Discount factor)




Markov Decision Process(MDP)
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Markov Decision Process(MDP)

Markov Property (=memoryless property)
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Markov Decision Process(MDP)
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Markov Decision Process(MDP)
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Exploration & Exploitation
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Reinforcement Learning
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https://github.com/rlcode/reinforcement-learning-kr/
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration

Reinforcement Learning
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Cooperative Multi-Agent Reinforcement Learning Framework for Scalping Trading
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Traditional RL Problems




Environment Dynamics
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Traditional RL Problems
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Traditional RL Problems
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Traditional RL Problems
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Meta Reinforcement Learning




Meta Reinforcement Learning
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Meta Reinforcement Learning
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Meta Reinforcement Learning EIDDHDEN
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Meta-Reinforcement Learning of Structured Exploration

2 .
RL7(2016, OpenAl), Learning to Strategies(Gupta et al, UC Berkeley, ICML 2018)

reinforcement learn(2017, Google) .
@ Policy @ Action Paired Open-Ended Trailblazer (POET):
Endlessly Generating Increasingly Complex
\ and(2019, Uber)
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Automatic Goal Generation for Reinforcement Learning Agents(Carlos

(3 Agent Design et al, ICML 2018)
Reinforcement Learning for Improving Agent Design(Ha, ICML 2018) @ State

Automatic Data Augmentation for Generalization in Deep
reinforcement Learning (NYU, Facebook Al , 2021)
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RI? , Learning to reinforcement learn R DEDI I LD
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Outer loop https://talkingaboutme.tistory.com/entry/RL-Meta-Reinforcement-Learning

Pe/ R(s,s',a)2| B3t FEoE L5057 | 2[3l LsTM
Policy2t= 2| Outer loop & (Slow Learning)

RL?: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING

RL?: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAl)
Learning to reinforcement learn(2017, Google)
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RI? , Learning to reinforcement learn R DEDI I LD
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Figure 1: Procedure of agent-environment interaction

RL?: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAl)
Learning to reinforcement learn(2017, Google)
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RI? , Learning to reinforcement learn R DEDI I LD

0.76 0.24 045 0.55 0.59 0.41
Trial: 1 Trial: 1 Trial: 1

RL?: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAl)
Learning to reinforcement learn(2017, Google)
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RI? , Learning to reinforcement learn )

Step: 0 Step: 0 Step: 0 Step: 0

Reward: 0.0 Reward: 0.0 Reward: 0.0 Reward: 1.0

RL?: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAl)
Learning to reinforcement learn(2017, Google)
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g{cllgtate-gig;nforcement Leaming of Structured Exploration »»
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Meta-Reinforcement Learning of Structured Exploration Strategies(Gupta et al, UC Berkeley, ICML 2018)
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g{(lgtaté-gRigisnforcement Leaming of Structured Exploration »m
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Meta-Reinforcement Learning of Structured Exploration Strategies(Gupta et al, UC Berkeley, ICML 2018)
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Reinforcement Leaming for Improving Agent Design »»
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Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)
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Reinforcement Leaming for Improving Agent Design m»

00| 7 E 9| Body Structure S43(K 0], Z0|, £H)) BESt0] S0 Ir= 0| MES
C| Xt QI5HO] Bt

def rollout(agent, env): def rollout(agent, env params, env):
obs = env.reset () env.augment (env_params)
done = False cbs = env.reset ()
cumulative reward = 0 done = False
while not done: cumulative reward = 0
a2 = agent.action(obs) while not done:
obs, r, done = env.step(a) a agent.action (obs)

e

cumulative reward += r obs, r, done = env.step(a)
return cumulative reward r augment reward(r, env params)
cumulative reward += r
return cumulative reward

mg(s,a) — my(s,a, body parameter of agent)

Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)
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Reinforcement Leaming for Improving Agent Design m»

g /tct d7 Hu =Y

BipedalWalkerHardcore-v2 population score BipedalWalkerHardcore-v2 best average score (100 rollouts)
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Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)
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Paired Open-Ended Trailblazer(POET) XD RPN L
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Paired Open-Ended Trailblazer (POET): Endlessly Generating Increasingly Complex and Diverse
Learning Environments and Their Solutions (Rui et al, ICML 2020)
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® o /Users/shivaverma/Desktop/Bipedal-Walker/ddpg-torchjtrain.py
o3 HOo|= =4 Imi2f i E
(OBSTACLE STUmP (AP STEP STEP ROUGHNESS
TYPE HeiGhr  WiDTH - HEIGHT  NUMBER
INTALVALUE  (0.0,04)  (0.0,08) (0.0,04) T uNtForw(0,0.6)
Mumation Step - 0.2 04 0.2 L UNIFoRw((0,0.6)
MaxVatee — (50,50) (100,100) (50,50) 9 100

Table 1: Environmental parameters (genes) for the Bipedal Walker problem.

Bipedal Walker Hardcore

-Goal : 2 EZE E7IHX| 0| &
- Reward : Fall -100
- Maximum step : 2000

Paired Open-Ended Trailblazer (POET): Endlessly Generating Increasingly Complex and Diverse
Learning Environments and Their Solutions (Rui et al, ICML 2020)
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Paired Open-Ended Trailblazer(POET) XD RPN L

Otghet Z0| Oo|ME= 84 250| & &0 telots Bgs & =+ UL

Paired Open-Ended Trailblazer (POET): Endlessly Generating Increasingly Complex and Diverse
Learning Environments and Their Solutions (Rui et al, ICML 2020)
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Paired Open-Ended Trailblazer(POET)

m

Of O] E+= e

/home Jukjo/local_workspace/poetvisualize.py

BN E2 5= U

[homefukjo/local_workspace /poe!

tvisualize.py

= ULt

[home/ukjo/local_workspace /poet visualize.py

Roughness Roughness 0.2 Roughness 2.2
Gap Gap 0-1.2 Gap 0.8-1.2
Stump Stump 0.2-0.6 Stump 0.2-0.4

< »
< »

Easy, Simple Challenging , Complex

Paired Open-Ended Trailblazer (POET): Endlessly Generating Increasingly Complex and Diverse
Learning Environments and Their Solutions (Rui et al, ICML 2020)
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Automatic Data Augmentation for Generalization in
B et g EIDIDIIRDIE)

State Augmentation + Data Regularization

f: 8 XH — § (Image Transformation)

[nput Crop Translate Window Grayscale Cutout J z A
\ ) - PG (0) = Tlg (als)Aeold('Si a)
M A oLl RRRF] PoFolfel Pofally a€cA

g (alf(s))

“0ua [ﬂeold (als)

Aeold (s,a)

ip gate Cutoutcolor Randomeonv — Colorter — Augmentations appled — —
Hi Lt i ' ' Jorac =Jppo — @

conistently across
slacked frames

= (Vo (s ) V()

Reinforcement Learning with Augmented Image Augmentation Is All You Need:

Data(Laskin et al, UC Berkely, ICML 2020) Regularizing Deep Reinforcement Learning
from Pixels(Yarts et al, Facebook Al, ICLR 2021)
Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook Al , 2021)
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State Augmentation + Data Regularization + 15l 211 2| & (UcCB)

oo | @S
grayscale g
CUtOUt g
cutout-color {

Augmentation  UCB Task

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook Al , 2021)
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Automatic Data Augmentation for Generalization in
B et g EIDIDIIRDIE)

O o] M E= O|D[X| SE = ot5L[Lt B BO| EEtME 2 d50| EF =Lt

Train reward vs Test Reward

2 losses/dist_entropy
2.8
2.6
C

2.4
2.2
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—test reward —rain reward

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook Al , 2021)

S DMQA



Automatic Data Augmentation for Generalization in " ,
T e DIDIDDRDI

== 0l AM 7HE8 S =, 2 A & OEF 2 &= Augmentation 7| 50| 2444 QUL

Game ‘ BigFish ‘ StarPilot ‘ FruitBot ‘ BossFight ‘ Ninja ‘ Plunder ‘ CaveFlyer ‘ CoinRun
Best Augmentation ‘ crop ‘ crop ‘ crop ‘ flip ‘ color-jitter ‘ crop ‘ rotate ‘ random-conv

Game ‘ Jumper ‘ Chaser ‘ Climber ‘ Dodgeball ‘ Heist ‘ Leaper ‘ Maze ‘ Miner
Best Augmentation ‘ random-conv ‘ crop ‘ color-jitter ‘ crop ‘ crop ‘ crop ‘ crop ‘ color-jtter

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook Al , 2021)
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ﬁ;te%rtrsiatic Goal Generation for Reinforcement Leaming mm

7|F Bl EE at& 5= CHAlof of| 0| M EE Lt Ef AT OC} CHE Goal 2 St
H, O| & GAN(GoaI GAN)QE St&

Algorithm 1 Generative Goal Learning

Input: Policy g

Output: Policy my

(G,D)+ initialize GAN()

goulsgg +— @

fori < 1to N do
2 ¢ samplenoise(p.(-))
goals + G(z)U sample(goalsyy) I
T; = UpJdate policylgoals, ti—1)
returns +— evaluate_policy(goals, ;)
labels + label_goals(returns)
(G.D) + train_GAN(goals.labels. G, D)
goalsgg < update_replay(goals)

end for

Automatic Goal Generation for Reinforcement Learning Agents(Carlos et al, ICML 2018)
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Environment for Assessment

OpenAl 0| M K| &35t= 2HH 2 2 16702 AL S0| XS =L},

* High Diversity: The diversity in the
resulting level distributions presents
agents with meaningful
generalization challenges.

* Fast Evaluation: 200M timesteps.
perform thousands of steps per second on
a single CPU core, enabling a fast
experiment

* Tunable Difficulty: All environments
support two well-calibrated difficulty
settings: easy and hard.

Procgen Benchmark(OpenAl)

https://openai.com/blog/procgen-benchmark/
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Environment for Assessment

UC BerkeleyOl| M K| S 5St= 28 2 = 571 2| OpenAl Gym Variants = 0| X| = =Lt

Environment  Parameter D R E
CartPole Force 10 [5,15] [1,5] U [15,20]
Length 05 [0.25,0.75] [0.05,0.25] U [0.75,1.0]
Mass 0.1 [0.05,0.5] [0.01,0.05] U [0.5,1.0] - - -
MountainCar  Force 0.001 [0.0005,0.005]  [0.0001,0.0005] U [0.005,0.01]
y 00025 | [00010005] | [00005:0001] U [0005.001) Deterministic (D): The parameters of the environment
dss .| g M . AL . s - . - -
are fixed at the default values in the implementations
Acrobot length 1 0751251 007310 12515] from Gym and Roboschool. That is, every time the
Mass 1 [0.75,1.25] [050.75] U [1.25,1.5] environment is reset, only the state is reset.
MO 1 [0.75,1.25] [0.5,0.75] U [1.25,1.5]
Pendulum  Length ; 0751251 1050751 U [1.25.15] Random (R): Every tn?le the environment is reset,
the parameters are uniformly sampled from a d-
M 1 0.75,1.25 0.5,0.75] U [1.25,1.5 . . .. P
= [ ] [ 1ot ] dimensional box containing the default values. This is
HalfCheetah | Power 050 | [070.1.10] [0.50,0.70] U [1.10,1.30] done by independently sampling each parameter uni-
Density 1000 [750,1250] [500,750] U [1250,1500] formly from an interval containing the default value.
Friction 08 [05,1.1] [0.2,0.5] U [1.1,1.4]
) . o5 | osoas 04006010 050110 Extreme (E): Every time the environment is reset,
opper ower b .60,0. 40,0. 90,1, . .
its parameters are uniformly sampled from 2¢ d-
Density 1000 [7501250]  [500.750] U{1250,1500] dimensional boxes anchored at the vertices of the box

Fricion 08 [05,1.1] [0205] U [1.1,14] in R. This is done by independently sampling each
parameter uniformly from the union of two intervals
that straddle the corresponding interval in R.

Assessing Generalization in Deep Reinforcement Learning(Packer et al, UC Berkeley, 2019)
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Conclusions
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