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Introduction to Exploration

Journey to overcome noisy—TV problem
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- Deep Reinforcement Learning

Objective of RL

®,
¢ O

N
l.°-|'

gg
mf>
10
i
A

OF M MBI (2 B HA

S(action), A= (2 H A (reward) 22 T+ =

Action Reward

a o -10/0/

Pacman




- Deep Reinforcement Learning

Objective of RL
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- Deep Reinforcement Learning
Objective of RL
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- Deep Reinforcement Learning

Objective of RL

< Of|A]: PAC-MAN
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- Exploration in RL

Dilemma in RL

< Exploration (Et&) vs. Exploitation (£}3])
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- Exploration in RL

Dilemma in RL

% Exploration (&&) vs. Exploitation (Xt3F)
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- Exploration in RL

Basic exploration method
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- Exploration in RL

Needs of advanced exploration method
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- Exploration in RL

Key exploration problems

< Hard-exploration problem
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- Exploration in RL

Key exploration problems
% Noisy-TV problem
- =78 YEI0A &2t random noiseZt A M| Of| O] E S E noisedf| 2F £ S dt= =X

» Curiosity-driven &# 2 LF7} e X0 55| Fefet 255 £

w/ Noisy-TV w/o Noisy-TV

Burda, Yuri, et al. "Large-Scale Study of Curiosity-Driven Learning." International Conference on Learning Representations. 2018.

12 / 31



- Exploration in RL

Hierarchy of exploration methods
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- Exploration in RL

Exploration with intrinsic reward

++ Intrinsic reward
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- Exploration in RL

Exploration with intrinsic reward

% Curiosity as an intrinsic reward
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- Exploration in RL

Exploration with intrinsic reward

%+ Problems of previous research
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[1] Stadie, Bradly C., Sergey Levine, and Pieter Abbeel. "Incentivizing exploration in reinforcement learning with deep predictive models." arXiv preprint arXiv:1507.00814 (2015).
[2] Burda, Yuri, et al. "Large-Scale Study of Curiosity-Driven Learning." International Conference on Learning Representations. 2018.
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- Exploration in RL

Exploration with intrinsic reward

% Curiosity-driven Exploration by Self-supervised Prediction (ICML 2017 / 2,3222] Q1 &)
« Intrinsic reward module®fl & 7}X| environmental dynamics modeling= AHE
* Inverse dynamics modeling= $iXH &EHQ} CHS AEZ 31X WSS 0|Sste &S

* Inverse dynamics modeling= ArE5H0{ 2tZ 9| 2HEH 0| Zot Z2 Lddt= =X & 22t

: \
-

Current Current Next Current Next Current
State Action State State State Action

L Forward dynamics modeling —/ L Inverse dynamics modeling —/

~

7

Predict

17 / 31



- Exploration in RL

Curiosity-driven Exploration by Self-supervised Prediction

%+ Overview of Intrinsic Curiosity Module (I

CM)
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- Exploration in RL

Curiosity-driven Exploration by Self-supervised Prediction

% Role of Inverse Dynamics in ICM
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. Figure 6. Evaluating the robustness of ICM to the presence of un-
eepak Pathak, Pu1k]t Agr controllable distractors in the environment. We created such a
distractor by replacing 40% of the visual observation of the agent
by white noise (see Figure 3b). The results show that while ICM
succeeds most of the times, the pixel prediction model struggles.

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.




- Exploration in RL

Exploration with intrinsic reward

% Large-Scale Study of Curiosity-Driven Learning (ICLR 2019 / 7342] 2I-8)
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- Exploration in RL

Exploration with intrinsic reward

+ Large-Scale Study of Curiosity-Driven Learning (ICLR 2019 / 734%| 21&)
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- Exploration in RL

Large-Scale Study of Curiosity-Driven Learning

%+ Potential of learning random feature space
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- Exploration in RL

Large-Scale Study of Curiosity-Driven Learning

% Noisy-TV problem in Unity Maze
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. . Figure 6: We add a noisy TV to the unity environ-
w/ Noisy-TV w/o Noisy-TV ment in Section 3.3. We compare IDF and RF with

. . . . . , _ and without the TV.
Burda, Yuri, et al. "Large-Scale Study of Curiosity-Driven Learning." International Conference on Learning Representations. 2018.
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- Exploration in RL

Exploration with intrinsic reward

+ Self-Supervised Exploration via Disagreement (ICML 2019 / 3072] 2I-8)
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- Exploration in RL

Self-Supervised Exploration via Disagreement

%+ Overview of Ensemble of Dynamics Models
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- Exploration in RL

Self-Supervised Exploration via Disagreement

“ Robust to stochastic dynamics
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[1] Burda, Yuri, et al. "Large-Scale Study of Curiosity-Driven Learning." International Conference on Learning Representations. 2018.
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- Exploration in RL

Exploration with intrinsic reward

+* Exploration by Random Network Distillation (ICLR 2019 / 1,119] 2|-8)
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- Exploration in RL

Exploration by Random Network Distillation

% Overview of Random Network Distillation (RND)
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- Exploration in RL

Exploration by Random Network Distillation

 Exploration by Random Network Distillation (ICLR 2019 / 1,1192] 2I-8)
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