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Introduction01.
Reinforcement Learning

 high-dimensional sensory input(vision, speech)으로부터

agent를제어하는것을학습하는것은 RL의오랜목표.

 딥러닝의발전에따라 Vision, Speech와같은고차원의데이터들

을추출하는것이가능해짐. 이에따라딥러닝을강화학습에적용

시키고자함.



Introduction01.
Reinforcement Learning

 딥러닝을강화학습에적용하는과정에서문제점발생

1. 딥러닝학습에는대량의레이블된데이터가필요

2.딥러닝알고리즘의데이터는독립적이나, 강화학습은데이터의상호연관성이높음

• CNN, Q-learning 알고리즘과 experience replay 기법을적용하여 raw video data로부터 policy

를 control하는법을학습할수있음을증명하고자함



Background02.
Environment

• 본논문에서RL의환경(𝜀)은Atari에뮬레이터

• 환경의구성요소는action의sequence, observation하는화면, 

reward(점수) 

• agent는각time-step마다가능한action중한가지(𝑎𝑡)를선택

• agent는raw pixel(𝑥𝑡)과reward(𝑟𝑡)만전달받음



Background02.
MDP

• agent가현재화면만으로모든상황을이해하는것은불가능

• action과observation의시퀀스를관찰하고학습을진행

𝑠𝑡 = 𝑥1, 𝑎1, 𝑥2, 𝑎2, … , 𝑎𝑡−1, 𝑥𝑡

• 모든시퀀스가time-step에의존하므로MDP가유도되고이를강화학습에적용가능



Background02.
Reward

• agent의목표는미래의reward를극대화하는action을선택하는것

• 일반적으로시간이지날수록reward의가치는감소하므로이를 반영하기위해discount factor 𝛾가정의됨



Background02.

Q-function (action-value function)

• Optimal Action-Value Function을다음과같이표기: Q∗(s, a)

• Q*(s, a)는해당sequence s에action a를취했을때최고의보상을받을수있는함수

• 𝜋는𝑠𝑡에서𝑎𝑡를맵핑해주는policy function



Background02.

Q-function (action-value function)

• Optimal Action-Value Function은벨만방정식을따름

• Bellman 방정식을활용한action-value function의update

• 근사함수

(1)

(2)

(3)



Background02.

Q-Network

• 앞에서정의한Q-function을모델링한네트워크:  Q-Network

• Q-Network는각 iteration마다바뀌는손실함수𝐿𝑖(𝜃𝑖)의최솟값을찾아서학습을진행.

(1)

(2)
(2)



Background02.

Q-Network

• Q-NetworkLossfunction의gradient는다음과같음



Related Work03.
TD-Gammon

• 강화학습에서가장성능이좋았던기존알고리즘은TD-Gammon

• TD-Gammon은Q-Learning과비슷한model-free구조

• 다만, Backgammon 게임에서만높은성능을보이고, 다른게임에서

는성능이좋지않음



Related Work03.

NFQ

• 본논문과가장유사한접근법을가진이전연구로는Neural fitted Q-Learning(NFQ)가존재

• NFQ에서는 Q-Network의parameter 갱신을위해Rprop알고리즘및 Batch Gradient Descent를사용

• NFQ에서는deep autoencoder를사용하여각task로부터 low dimensional representation을학습



Deep Reinforcement Learning04.

Experience Replay

• agent가각time-step마다했던Experience(𝑒𝑡)을Dataset(𝐷)에저장 𝑒𝑡 = (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1)

• Dataset에저장된풀에서일부를균등한확률로샘플링해학습에적용



Deep Reinforcement Learning04.

𝜖-greedy policy

• Experience replay가끝난후agent는𝜖-greedy policy를사용해action을선택.

• 𝜖-greedy policy는𝜖의확률로random한선택을하거나 1-𝜖의확률로최선의선택을하는알고리즘

ϵϵ-greedy policy



Deep Reinforcement Learning04.

DQN의장단점

• 각time-step의Experience가잠재적으로많은가중치업데이트에재사용

• mini-batch를만드는sampling 과정을통해데이터들간의high correlation을효율적으로관리

• 기존의on-policy는현재의parameter가다음데이터샘플을결정하므로 parameter가극솟값에빠

질수있으나, experience replay를사용하면, behavior distribution이균형을이룸

• 메모리용량으로인해모든Experience를Dataset에저장불가

• 모든Experience를균등하게 sampling하므로이를보완할최적화된sampling 방법필요

ϵϵ-greedy policy



Deep Reinforcement Learning04.

Algorithm

ϵϵ-greedy policy



Deep Reinforcement Learning04.

Preprocessing

ϵϵ-greedy policy



Deep Reinforcement Learning04.

Network Architecture

ϵϵ-greedy policy



Experiments05.
Environment & Settings

• 7개의ATARI 게임에대해성능을평가

• 모든게임에대해동일한조건으로실험진행

• 최적화알고리즘으로RMSProp사용 (minibatch size : 32)

• 모든reward값은-1, 0 ,+1로제한하여errorScale제한

• agent에서모든프레임을보고action을취하는것이아닌k번째프레임을보고action 선택



Experiments05.
Training and Stability



Experiments05.
Visualizing the Value Function

A B C



Experiments05.
Main Evaluation



Conclusion06.

• 강화학습을위한새로운딥러닝모델을소개

• Raw pixel을입력으로 사용하며ATATRI 2600의control policy를학습

• experience replay memory로mini-batch 방식을사용하는변형된online Q-learning을제안함

• Architecture와Hyper-parameter의변화없이7개중6개의게임에서높은성능을발휘



Thank you


