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Reinforcem
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Elements of RL
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Value Function

% ME| 7tX| gt4=(State-Value Function)
U (s) = EplGelS; = s]
= Ex[Rey1 +¥GesalSe = 5]
= Ex[Re1 + vVr (Se41)1Se = 5]

= Z n(als) Z p(s’,rls,a)[r + yv(s)]

a

< WS 7HK| &<4=(Action-Value Function)
Qn(sr Cl) = En[thst =S,4; = a]

= Ep[Res1 + ¥V (Se+1)|S: = 5,4, = a]

= z p(s',rls,a)[r + yv,(s')]
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Q-Leaning

% Q-2(Q Function)
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Deep Q-Network
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Deep Q-Network

% Deep Q-Network(DQN)
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Deep Q-Network
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Deep Q-Network

v '
< Experience Replay & Fixed Q-target u\.
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Deep Q-Network

NG EE}

nal

L)

= Replay Memory AHE — B2 H2E2[2| AE

= Starcraft 112} 22 4+ 2 HE{(5)Q WS(@a)7t EMste Ao &

=] —

% Asynchronous Advantage Actor-Critic(A3C)

= O|O|E AtO|e| &EtEAE H|=7|& YOIO|EZ 3l Z(Asynchronous)

- W2 s sk

= Replay Memory= AME3HA| 21, Policy Gradient & 12[FS O

= Starcraft 12} Z& A Y *

l>

=2
x
o

of 2 &= &4H

13/61

=0 o=

o DMQA



“ Policy Gradient

14/61

o DMQA



Policy-based Method

RL Algorithms

Model-Free RL Model-Based RL
L ! i _ 3
Policy Optimization Q-Learning Learn the Model ‘ Given the Model
Policy Gradient +— . — DQN * World Models ‘ 4’| AlphaZero
- S DDPG — S S
A2C f ASC +— S Y E— C51 > I2A ‘
R > TD3 “ R R
PPO .~ ——  QR-DQN [ MBMF |
S — SAC — S S —
TRPO ~ «— ——  HER \—>{ MBVE |

ZEX : https;//mclearninglab.tistory.com/entry/OpenAl-Spinning-Up
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Policy Gradient

% Policy Gradient

= It2tOjE e0f CHSE HHM(Policy) n(als; ) AT &
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Policy Gradient Algorithms

s REINFORCE
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Policy Gradient Algorithms

+» REINFORCE «.
= J(0) = E[X{Zg Tt41lmg]l = E[ry + 1y + 13 + - + 1| mg]

» 0'=0+aVyjJ(0), VgJ(6) = Policy Gradient
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DQN vs REINFORCE

< DQN

TD : Epsiode(S, A, R, Update, S, A, R, Update, S, A, R, Update, S, A, R, Terminate, Update)

— Low Variance, High Bias

Continuous Action &t&0| 0]

-

DQN N

Temporal Difference Learning

No Continuous Action

ID (1-step)] 2-step 3-step n-step Monte Carlo

Low variance

Z

—
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DQN vs REINFORCE

% REINFORCE
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DQN vs REINFORCE

% MC Method vs TD Learning

= Example

AEH(A, B); y =1; 1-Step
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DQN vs REINFORCE

2 '
% MC Method vs TD Learning fﬁ3.
= MC Method= Episode TH¢|= St& — High Variance, Low Bias
= TD Learning2 Episodel{2| 1-Step EH}|E St& — Low Variance, high Bias
Monte Carlo Method Temporal Difference Learning
V(st) « V(se) + alRy — V(sy)] V(se) « V(sp) + alrepr + vV (serr) — V()]
5!
//
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=X : https://www.slideshare.net/carpedm20/reinforcement-learning-an-introduction-64037079
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DQN vs REINFORCE
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Actor-Critic Method

o Actor-Ciritic
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Actor-Critic Method

% Actor-Critic
» Value-Based & Policy-Based

= Actor : Policy Network & Critic : Value Network

Actor

Value-Based
Critic

Policy-Based

T—-1 T-1
EolVo ). 109mo(@els)Gel ) FoyaguusearlVologmo@ulslEy, s, oprr 6]

T—1
- zt—o Esoao.sear [Vologme (acls))] Qg (St at)

26/61 obb DM Q A\



Actor-Critic Method

% Actor-Critic
= Actor : Policy Network & Critic : Value Network

= Q(sy ap) ~ Qu(syaz) 0| &

N VN VAN
NN

Actor = Policy NetworkOf| Al Action= 1 EH
7 Z = MEREl Action=2 E715t= 92
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Actor-Critic Method

% Actor-Critic
= Actor : Policy Network & Critic : Value Network

= Q(sy ap) ~ Qu(syaz) 0| &

0«0+ avelogne(at|5t)(Qv(5t; at))

Actor

Vevt ﬁ(rt+1 + ¥ Qu(Se1, are1) — Qu(se, at))Vva(St' ac)

Critic
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Actor-Critic Method

% Actor-Critic
= Actor : Policy Network & Critic : Value Network

= Q(sy ap) ~ Qu(syaz) 0| &

0«0+ Velogne(atlst)(rt+1 + ¥Qu(St+1, arr1) — Qu(se, at))
Score

H = CriticOlM Tj2t0lH vE H0IE
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A3C

% Asynchronous Advantage Actor-Critic(A3C)

RL Algorithms
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Abstract

We propose a conceptually simple and
lightweight framework for deep reinforce-
ment learning that uses asynchronous gradient
descent for optimization of deep neural network
controllers. We present asynchronous variants of
four standard reinforcement learning algorithms
and show that parallel actor-learners have a
stabilizing effect on training allowing all four
methods to successfully train peural network
controllers. The best performing method, an
asynchronous variant of actor-critic, surpasses
the current state-of-the-art on the Atari domain
while training for half the time on a single
multi-core CPU instead of a GPU. Furthermore,
we show that asynchronous actor-critic succeeds
on a wide variety of continuous motor control
problems as well as on a new task of navigating
random 3D mazes using a visual input.

line RL updates are strongly correlated. By storing the
agent’s data in an experience replay memory, the data can
be batched (Riedmiller, 2005; Schulman et al., 2015a) or
randomly sampled (Mnih et al., 2013; 2015; Van Hasselt
et al., 2015) from different time-steps. Aggregating over
memory in this way reduces non-stationarity and decorre-
lates updates, but at the same time limits the methods to
off-policy reinforcement learning algorithms.

Deep RL algorithms based on experience replay have
achieved unprecedented success in challenging domains
such as Atari 2600. However, experience replay has several
drawbacks: it uses more memory and computation per real
interaction; and it requires off-policy learning algorithms
that can update from data generated by an older policy.

In this paper we provide a very different paradigm for deep
reinforcement learning. Instead of experience replay, we
asynchronously execute multiple agents in parallel, on mul-
tiple instances of the environment. This parallelism also
decorrelates the agents’ data into a more stationary process,

32/61

34y DMQA



A3C

% Asynchronous Advantage Actor-Critic(A3C)

» LC}=9| Actor-Critic

= Advantage: A =Q(s,a) = V(s) Global Network
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Worker 3 Workern
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
» Advantage : A = Q(s,a) —V(s)

» Advantage Estimate : A =R —V(s), where R =r+ yV(s")

Actor-Critic 0 < 60+ Vglogmy (atlst)(rt+1 +¥Qy,(S¢11, Apr1) — Qy(sy, at))

v

0 < 0+ Vglogmy (atlst)(rt+1 + ¥V, (Se41) — Vv(st))
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Asynchronous Advantage Actor-Critic(A3C)
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A3C

% Results

= 5§ Atari Games

i &
16000 . Beamrider 600 . Breakout . 3. Pong 12000 Q*bert 1600 . Space Invaders
— DON — DON — DON — DQN
14000 — 1-stepQ " g5pp. — lstepQ . 20. oogp. — 1step @ 1400 — 1-stepQ
12000. — L'Step SARSA — 1-step SARSA — 1-step SARSA 1200, — L-step SARSA
" — n-step Q [ — n-step Q — n-step Q "— n-step Q
10000.  A3C 400 a3c - 10: 8000 a3c ‘1000, A3C
o z g a
S 8000 300 0 6000 S 800
wl (1] [0
6000 200 L -10. ?(z:qep - 4000 _ 600 -
o 100 20/ — Lstep SARSA 2000 o /
2000 - - | — n-step Q ' ' 200
A3C =
0 - 0= - =30 -0 -0 :
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Training time (hours) Training time (hours) Training time (hours) Training time (hours) Training time (hours)

Figure 1. Learning speed comparison for DQN and the new asynchronous algorithms on five Atari 2600 games. DQN was trained on
a single Nvidia K40 GPU while the asynchronous methods were trained using 16 CPU cores. The plots are averaged over 5 runs. In
the case of DQN the runs were for different seeds with fixed hyperparameters. For asynchronous methods we average over the best 5
models from 50 experiments with learning rates sampled from LogUni f orm(10_4, 10~?) and all other hyperparameters fixed.
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A3C

% Results

= 57 Atari Games

Method Training Time Mean | Median
DQN 8 days on GPU 121.9% | 47.5%
Gorila 4 days, 100 machines | 215.2% | 71.3%
D-DQN 8 days on GPU 332.9% | 110.9%
Dueling D-DQN 8 days on GPU 3438% | 117.1%
Prioritized DQN 8 days on GPU 463.6% | 127.6%
A3C, FF 1 day on CPU 344.1% | 68.2%
A3C, FF 4 days on CPU 496.8% | 116.6%
A3C, LSTM 4 days on CPU 623.0% | 112.6%

Table 1. Mean and median human-normalized scores on 57 Atari
games using the human starts evaluation metric. Supplementary

Table SS3 shows the raw scores for all games.
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Appendix

% Fixed Q-Target

= XETE vs Aotets
X ests
Training Data (x, y)
Model y=fx)

Objective Function | Loss = E[(v;—¥;)?
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w* w
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=l Target y ok

o®

H3E(0)

%I-§|. F

|OF
o[>

Training Data S,A,R,S, AR, ..

Model m(als)

Objective Function

Loss = E[(r + ymax Q(s’,a’,w™ ) — Q(s,a,w;))?]
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Appendix

% Preprocessing(DQN)
= Atari A2 0A down-sizing2t gray scale®

= JAL4Y O|O[X[2 Bzt 2, 4712 Ze| @l ES((RGB ME 7iE)

o

110

210
I ]
I - ——
[ EE=s1 = 1
|
E m |

128 color, gray scale, cropping
210 X 160 pixels 110 X 84 pixels 84 X 84 pixels

B4 -
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Appendix

% Preprocessing(DQN)
= Atari A2 0A down-sizing2t gray scale®

= ALY O[OIX| 2 Hgh 2, 4709 =2 /S ES(RGB ME 7HE)

XI5 3¢ %] X I || X% | |X[%
LIRS ISt S
RIXIRTRIRIR KX PR IR R IXIX

KR 2{X[oh O|O|X|2F A EX MEREN O|O|X| 22| 00X} pixel-wise maximum

s1 = (x1, X2, X3, X4)
s = (X2, X3, X4, X5)
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Appendix

X/

< Erd(Exploration)a} £k (Exploitation)
= O 22 242 27| f8iM= FO1T 42oM O HEst d=Z M E(Exploitation)

- 2 WEESO| JhK|0f CHEH Y| YUBHA= AFEO| EHE0| & Q (Exploration)

I Agent

SEHCS)
g% (Exploration) HA(RY
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Appendix

% On Policy

= DE SHEZ 57| 28 Target Policyl| 2122 &F ALE

< Off Policy
= Target Policy2} Behavior Policy= L}
= Target Policye O &2 248 27| st #HE2 & (Exploitation)

= Behavior Policy= @#&2| 7tX|E EfM(Exploration)
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J(0) = E[Z?:‘&Tmlne] =E[r +nr,+ T3+ -+ Tr|7T9]

0' =6+ aVyJ(0), VgJ(6) = Policy Gradient

T—1 T—1
VBE[zt_Ort+1|7T9] = Vy zt—op(st, A |T)Tt41

T—1
= Zt—o VoP (St At |T) T4

0|2 275

55/61

o DMQA



J(6) = E[ ?:_017’t+1|7T9] =E[r +nr,+ T3+ -+ Tr|7T9]

0' =6+ aVyJ(0), VgJ(6) = Policy Gradient

T-1

T—1
VBE[zt_Ort+1|7T9] = Vy zt—op(st, A |T)Tt41

T—1
= Zt—o VoP (St At |T) T4

T-1 VoP(s., as|7)
L 0 tr Ut
Dl‘E‘ 7|'6 = tho P(s¢, at|t) P(s,, a;|7) Tt+1

T—1
= Z . P(sy, ar|t)VglogP (ss, ar|T)Tesq
t=

T-1
= ET[ZII—O VologP (s¢, ac|T)Te44]
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P(s;, aclt) = P(sy, ag, 11,51, A1, T3, o) Sg, At | 0)

P(sg)mg(aglse)P(s1lsg, ag)mg(a|s1)P(s,ls1,aq) ...

logAB = logA + logB

T-1
P(t16) = P(so) | | molarlsP(scanlsear)

T-1
logP(t10) = logP(so) + ) [logm(aclsy) + LogP (sc.alsc, a,)]
t=0

00| Cii et Oj = - &Ef TO| =& 0|2 Al &= A A
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P(s;, aclt) = P(sy, ag, 11,51, A1, T3, o) Sg, At | 0)

P(So)ﬂe(ao|50)P(51|So,ao)ﬂe(a1|51)P(Sz|S1»a1)

logAB = logA + logB

T-1
P(t16) = P(so) | | molarlsP(scanlsear)
T—-1
logP(x16) = logP(so) + ) [logmg(acls) +10gP (se1alse,a,)
t=

T—-1
TologP(r|0) = Vo ) logmy(ayls:)
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»  P(spaqlt) = P(sg, ag, 7,51, 1,15 ey S, At |6)

- P(So)ﬂe(ao|50)P(51|So,ao)ﬂe(a1|51)P(Sz|S1»a1)

» logAB = logA + logB

T-1 T-1
TologP(l0) =Ty ) logme(adls) o E). _ ValogP(se,ac0)esi]

T—1 T-1
VGE[zt_OrtﬂhTe] = E; Vg [z logmg (a|se)resa]

t=0

T-1

T-1
~ E;[Vg Zt—ologne (ac|s¢)Ge], where G, = z Vtrt+1 =Tty T VT2 + Vzrt+3 + et VT_l

t=0

Discounted G, > Tt H&to| oF &4t 8HX]
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Appendix

>
» Bias and Variance Tradeoff (J

= Variance : 0| = {2t 0= 4t=2 Bl X0

Low Variance High Variance

Variance . .
: Bias?
H .
Ll
Model Complexity
EX : http://scott.fortmann-roe.com/docs/BiasVariance.html
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Total Error
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Cpltimum Model Complexity

Error

High Bias
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Appendix

% Asynchronous Advantage Actor-Critic(A3C)

Pseudo Code

Algorithm S3 Asynchronous advantage actor-critic - pseudocode for each actor-learner thread.

/ Assume global shared parameter vectors 8 and 8, and global shared counter T' = 0
/ Assume thread-specific parameter vectors 6" and 6!,

Initialize thread step counter t + 1

repeat

Reset gradients: df + 0 and df,, + 0.
Synchronize thread-specific parameters ' = 6 and 6], = 6,

t.ﬁ-mr‘t =1
Get state s
repeat

Perform a, according to policy m(a;|s;; ")
Receive reward r; and new state s;.41

t+—14+1

T+—T+1
until terminal s¢ or £ — totart == tmae
R= 0 for terminal s,

] Vs, 6,) for non-terminal s.// Bootstrap from last state
foric {t —1,... tecare} do

R+ri++R

Accumulate gradients wrt 8': dfl « df + Vg log w(a:|s:; 8" ) (R — V(s::8))
Accumulate gradients wrt 6.,: df,, « df,, + 8 (R — V (s::6.,))° /08.,

end for

Perform asynchronous update of # using df and of #, using df, .

until 7" > Ty
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