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* Introduction

- Reinforcement learning

- Deep Q Network

—~Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS
Deep Learning Workshop, 2013.

—Mnih, Volodymyr, et al. "Human-level control through deep reinforcement
learning." nature 518.7540 : 529-533, 2015.

» Application
HDR + RL =& 474

-7Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing
Selection, ” CVPR, 2020.



Introduction

» Reinforcement Learning

- EnvironmentOl| A = O| =l state | Al Tt actionOl| L2} state transition
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Markov Decision Process
e Markov property

- State S,0| A state S,,, = transitionSt= A2 OO X|L}2 stateS = T2
_S,5Ef S, JHX|Q] ME L 0|0] 5,0 ZEHE|QUCHs 70| KA &
~P(St+1 = Sa | S0, 81, -+, St-1,5t) = P(St+1 = Sa | St)

< Example of Markov Chain >
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Markov Decision Process

« Markov reward process

- Markov processOf| reward2| 7 &= 7|
-State2| 7t X| & HESt= rewardE 2} stateOf| 20 &

— Transition H8l| Xl 2HE 0| 2 =T =
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Markov Decision Process

« Markov decision process

- Markov reward processO| A] transition= action= & 73 St= policyOf| 2f =2
-Policy : m(als) = P[A; = a | S; = s ]
s+ Policy wOf| 2|3l state sO|A] action ag§ FA=F &

- 0| 2] Iteration2 &3l policyg 7HM A7 O

2 148 Markov Decision Process >
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Value Function
- 0] dg
- Episode
- Initial state. 25 B terminal state”7t X| 2| state sequence
ccex) Al oF £

—EpisodeE o 2 70| (time) stepL = 74
. 2}

episode2| step =& horizonO| 2} 11 Bt

- Return
~Ge =T+ YTrppr + VoTpgp + o
.= Time step ¢t =5 B horizon”7t X| | reward 2| discounted sum
vDiscount factor(y) 2 0|2 2| reward2} immediate reward2| 2tA|d H 9
vO|2H 9| rewardES S Xl 7t X| 2 2HAISHO] SHAF

vCyclic markov process | A1 2| infinite return & X|

.
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Value Function

¢ S;~S, = Tt & state space
- 24 stateOf| A| &, OF, Zt, 20| {| XISt state = transition 7t

- 2= state= 4719 action valueS &S
_7HE =2 yalueO| BESEO 2 transitionS 2= 3H

- S, 0 Al =3 S,0l =EHSHH 12] reward £ O
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Value Function

©S,»S,>Sc>Se* S, S; 2 historyZ O] 55+0] rewardE &/ S3UCHD 7+

- Reward & A| T| = stateQ| action value X 2|0l & &3} rewardS 7}4-&

SO Sl 82 R=1
s

1
S, | ¥ Ss | 72 S¢ | 7 S,
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Value Function

«S,> S, S, 3,2 historyZ 0| S5} rewardE 2=
- O| ™ Q| B E L} trajectory/F & 7| =0 discount factorOi| 2|5H reward S 7t

’Y4
1
Sy | ¥ Ss | ¥ S¢ | ¥ S;

- S, : = stateOf| A reward 1 2l =
- S, : F state F/ Ol rewardE 2| SSI2 2 yE F8

- Return value : G,=R, +yR; + y?R, +.
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Value Function

« State value function (V)
- AXY state2EFE 7|CHE| = return
- o1 XY stateOfl TSt 7HX| & EHEHE 5= U=,
-0| /2 Z|Ci2}St= A O] optimal policy/ &l

- V(St) = fs a GeP(ag, Sev1, A1 | St)datdstﬂ Ao

t+1° Qoo

- Xl state 2 E episode SE A actiong MEieh =t5, CtZ state =
transition2 &1} Z} state | A 2| returndf2 ME0H expected return Al 4F

 Action value function (Q)
- State s 0| A action aS= T M S H
E

7
— Action aOf| CHSH 71X & TEtst = 9lS

>-.- Il

III-J

mlo
bl

- QTL'(St) at) = fS GtP(St+1) at+1,"' | St’ at)dSt+1dat+1 cee daoo

t+1° Aoo
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Bellman Equation

o State value function

- [[t2tA] State value function= S S state2| 7FX[Z LIEFLHA| &
* Action Value function

) QTE(St’ at) = f5t+1’ Aoo GtP(St+1J Aty1,"" | St; at)dst+1dat+1 daoo

- GeP(ats1, Stz | Sty A, Se41)P(Se41lSe, ap)dSei1dagyq1 - dag

St+1} Qoo
Bellman equation

- P(a¢+1[St+1) @ Policy

« P(S;41|S;, a;) : Transition

'16- &: :
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Q-learning

* Optimal Policy
- State value function2| 4= maximizeSt=F policy= update

-Optimal Q= 2|0|5t= Q*& T#+ILCH 71

Max(V(St)) = max <j G:P(ag, Spy1, Apppree | S)dagdSeyq -+ daoo>
S

t+1° Qoo

argmaxj .
= S.,a.)P(a;|S;)da
P(atlst) atQ ( t t) ( tl t) t

argmax .
= f f GeP(Sty2) Qe 1Ses1, Qe )IP (Apiq[Ser ) P(Sei1lSe a)dSeqdagyy -+ dagPlaclS)da,
P(atlst) as VS

t+1° Qoo

-2k Al S XY state | A 2] policys Q*& 7 2 /2 1EL S 47HSIH =

2P (aSy) = 8(ap —a)),al + 7t 2 Q+E MHE

AF N
ot 13 M:.o
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1) Dayan, Peter. "The convergence of TD () for general L." Machine learning 8.3 (1992): 341-362.

Q-learning

Optimal action value function Q*= H{E | €=

» Monte carlo method
. .
-Q(S,at) = - ¥, GV

2:Reward0| 2SS 4= U= & episodeS At 7|CH Lk
vOAENOE oAl

- Temporal difference!

) . o
-Q(Syat) = ~ T (R + vQ(SY atth)) = QN

1, (N N) (N
=Qn-1 + N (R§ )+ YQ(SL,L a§+)1) — Qn-1)

Qv =1 —a)Qy_1 + aR™ +yQY), a)))

- OFLEO| stepTH2 E 11 Q valueE update

2210l 2|8l TD method2 £33} = optimal Q*0f| =2180| S &H =

- -
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Policy

* On-policy
- SFS Al AR SEH= policy 2t A K| 2HE Of| A{ state transitionOf| AHESH=
policy/} €2 8%

~SARSA S9| &1 2|

0|

O] s & &
« Off-policy
. St& 1} state transitionOf] AFE &= policyS CHEA M8 = US
-t 9| experienceS S 0f| AFRSH= Z40| 7t5351A| &

AtH2| datalf] HAXH 2| policyS MEM= M| I L= action= T[St
EE.'QEW Qui= ME7te == AUAE

vOn-policy method= &g M2 actiond} & | actionO| & &3l Of
g0l =7ts

-Exploration= AtR &7 ot O £2 Qut= 7|CH

- Q-learningO| Sl & =

[l

A OlS
T AA DO
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1) Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS Deep Learning Workshop(2013).
2) Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." nature 518.7540 (2015): 529-533.

DQND:2)
e Environment2| 11 = 2}
7| =2 Q-learning 7| HL 2= U stateOf] CHOH A4 SH50| =7F
- Value function= weight= Af%?) deep neural network = approximate

- State2} action= input2 2 AFE S0 2} actionOf| SH & SH= Q valueE output
p p

e Atari 2600 game= DQN agent=E 25

0000 -3
SECTORE O 1
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1) Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS Deep Learning Workshop (2013).
2) Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." nature 518.7540 (2015): 529-533.

DQND-2)

e Environment?2| 11 =3}

M
=
o
>.
N
ogt

- Al 2tHZ downsample, grayscaleZ H2H 2ot &
A7| 2 cropotH input2 = ALE

210

110

160 - 84 -

128 color, gray scale, cropping
210 X 160 pixels 110 X 84 pixels 84 X 84 pixels
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1) Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS Deep Learning Workshop (2013).
2) Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." nature 518.7540 (2015): 529-533.

DQND-2)
« Environment2| 1 =}

- KR frameOFC} frame =& OF stackStY] input2 2 AR
-4%9| AL E frame H|=TH EE H1 A0 st50| & O|FH{X|X] =
-A s kHl| BtE O WE2A 135 75
- Output2| dimension= action2| =2} €=
- Z} actionOf| it Q valueS regression2!
- 2 = actionOf| {2t Q valueZ 2HHO|| 2O A Max Q H4H0]| 0|

32 4x4 filters 256 hidden units Fully-connected linear

output layer

16 8x8 filters

4x84x84

I l\- T

Stack of 4 previous
frames

- Fully-connected layer
Convolutional layer Convolutional layer of rectified linear units

of rectified linear units of rectified linear units
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1) Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS Deep Learning Workshop (2013).
2) Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." nature 518.7540 (2015): 529-533.

DQND:
e Environment2| 11 = 2}
- Experience replay
-A @S TASHEHAM 7] = =2 N2 state transition S =& buffer0f X
;- Experience replay = E minibatchS &0} ot &
vState correlation £ 2
vO| M O experience 2 T 2| policyS CHA| H7tet 4= US

- Loss function

V&sLi (91) - Es,amp{-);s"wg [(i’" + H}EEI_XQ(SI? ar; 91’—1) - Q(S, a, E’lt)) VH,;Q(S, a; 91}

- Exploration
- Eplison-greedy policy
:': PolicyOfl 2|t action= F[SHA| 11 epsilonOf| [Tt2F random®}#| action
vEpsilon 2{= episode’| X[ HO0f et Yot Hl 22 Al

.



1) Mnih, Volodymyr, et al. "Playing atari with deep reinforcement learning." NIPS Deep Learning Workshop (2013).
2) Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." nature 518.7540 (2015): 529-533.

15 T T T T T T T T T T T T T T 1
0 5 10 15 20 25 30 35 40 45 S50 55 60 65 70 75 80 8 9 9 100 105 110 115 120

Pong | Breakout | S.Invaders| Seaquest | B. Rider
Random —20.4 1.2 179 110 354
Sarsa [3] —19 5.2 271 665 996
Contingency [4] —17 6 268 723 1743
DQN 20 168 581 1705 4092
Human —3 31 3690 28010 7456
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RL Algorithms

 Model-free
- Simulator/| ULCt= 71 HS

- AgentZ} environmentE O|8ljot= A2 OtL| O Cheot X &S SO A next

E e e
state, reward & 2l =&

* Model-based
- State @} action2 2 F E| CIF state2f rewardE 0| =St
-St5 El model& AFE0H0 actiones B ESH= policy =50 AFE

'+ State2f rewardE 0| 5 == U 7| M Z 0l model free 7| & 0|l B[S =&
& =7} e

o CFAE S &5t stateS 0| =S = model 2| error0| 2|38l 50| 012 O =
 Value based / Policy based
- DQN2 2/ 5%t Q network2 £ E policy= T2 (value based)

- Policy based method = state 22 EH A H MO 2 policys S5

i
1
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR && =&V
* Multi-exposure fusion

- 0 2{ low dynamic range image= 2} 35t high dynamic range O| 0| X| 44
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR 23 =&

* Proposed method

- 7t 2F2| Auto-exposure 2 Z -2 O|0|X| L8| MHEXL HlE ZES S5
108 2| LDR ALl &I &
- 7| Z9| exposure fusion algorithm= A€ 5t0 HDR O|O|X|& &0 GTE AIE

x:13.4ms Z(:26.8ms z1:20.1ms Z5:13.4ms Zq:6.7ms z4:3.35ms

z5:1.68ms z6:0.84ms z7:0.42ms zg:0.21ms Z9:0.10ms ZH
& ‘
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR 28 =&
* Proposed method
10 2| O|O|X| & fusionOf| AFE S K71 2| O|O|X|Z MEHSH= agent SH&
- Auto-exposure O|O| X| XtX|| & state 2 AFESt= EBSNet A| 2F
U EMC 2 & 49| branchZE T+
v Alexnet T2=E 7} sementic branch

vHistogram= & 32 2 8= illumination branch

;' &= branch= concatenate OFOZI fully connected layers 4 107H2| imageS
K7 2| O|O[X| MEHO| Cliot =5 =3

- Multi-exposure fusion network | MEFNet A| ¢t
- MEREI K7 S| LDR O|OX| & 285t GTL2F H[ 13l PSNR 2/ 5
v GT ‘4’40l = 1071 2] imageE 25 AtE

»
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR £t =31

* Proposed method

Semantic
Branch

=

Policy
>I e

EBSNet [

22 PSNRS Z|CHZtat H[ 1 S10] Of HH
step2| PSNRO| & 2 CFH O] reward,
G 2T 29| reward 20

MEFNet |~

y

ra L et 25 .
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR £t =31

» Experiment

- Comparison

~ N Ot=l MEFNnetS AFESHX| &0
A2t H| W= I PSNR & ﬁ

_MEhsl 0|O|X| A0l T2 KE| £, A H@

1 GTE 2HE I AFR 3 algorithmS 2 fusion®t

Method TPSNR |
Barakat [] 2731 K 1 ) 3 10
Eﬁg{{‘?""‘]s}l““i 231 2o PSNR | 26.06 | 2753 | 2841 | 30.14
EBSNotEF20] | 2815 time/ms | 218.43 | 30121 | 352.27 | 811.25
EBSNet+MEFNnet | 28.41

»
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1) Z. Wang et al. “Learing a Reinforced Agent for Flexible Exposure Bracketing Selection, ” CVPR, 2020.

HDR & =&

» Experiment

- EBSNet2| sementic, illumination branch”} Sl 432t d& H|l

| Method | PSNR |
Semantic 27.15
[1lumination 27.40
EBSNet+MEFNet | 28.41

(c) INlumination (d) IMumination+Semantic
{z0,21,24} {z1,24,27}
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