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S

6](9)_IE dlogmg (als)
0 e 00

Q"0(s,a)

1FHUERRIS 2152 Rich Sutton’s Reinforcement Learning: An Introduction
(2" Edition)5513%
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&3] : Actor-Critic

0 Actor-CriticRyE8 28
- REINFORCERBEIRETIE : = =2 REERAIT (s, a)BYEC,
© T AREL— AN ENZRRHERERQ o RERX MEITHIRE ?

0 &R (Actor ) FIiFigsR ( Critic)

————————————————————————————————————————————————————————

1’E1ﬂ1EEI’J1E 31

 ER me(als) LR Qo(s@) |
v SREGEHEEITES ﬁﬁﬁﬁﬁﬁu E
3 =) RERHEFTRINE

———————————————————————————————
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S3)A2C : (B Actor-Critic

O B8 | BYRE— N ELR AR ECTICZRAF ] o

- BEERIES | BHMERENFNE |, REBRIM IR

- RS E

O fLEBEREL ( Advantage Function)
A"(s,a) = Q"(s,a) —V"(s)

o EE B REE

-IIII
A3 A A -

A1 A2

I Y |

SO =~ N W b OO
W N =~ O =~ N »W
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A3C: 8FA2CH%

ACHRERTEEMETMEFN ( Asynchronous Advantage Actor
Critic)
54 (Asynchronous ) : RASRSRAITHIT—EIRER
fi%5 ( Advantage ) : E/SREETHERYEF{ERAIUEREL
s ERHNT ((Actor Critic ) : EAXER—MaEHT ( actor-critic ) J73i%
Bir R—MEF BV ER SR B N HTEFTHIRES

Vorlog m(ac|se; 6')A(se, ag; 0y)

k-1

. — l k . .
A(sg, ae; 0y) = E V'1esi + VYV (Seik; 0y) — V (St 0y)
=0
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-8-asynchronous-actor- 13

critic-agents-a3c-c88f72a5e9f2
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A3C: 8FA2CH%

/ Global Network \

T
— |-
7
!

Worker 2

— |
7
i e

Worker 3

https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-8-asynchronous-actor-
critic-agents-a3c-c88f72a5e9f2



https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-8-asynchronous-actor-critic-agents-a3c-c88f72a5e9f2

A3CEi%

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

// Assume global shared parameter vectors 6 and 6, and global shared counter T’ = 0
// Assume thread-specific parameter vectors 0" and 0.,
Initialize thread step counter ¢ < 1
repeat
Reset gradients: df <— 0 and df, < 0.
Synchronize thread-specific parameters ' = 6 and 6, = 0,

tstart =
Get state s
repeat

Perform a; according to policy 7 (a:|s:; 6")
Receive reward r; and new state s;4 1

t—t+1
T+ T+1
until terminal s; or t — tstart == tmax
R— { 0 for terminal s¢
1 V(s 6) for non-terminal s;// Bootstrap from last state
for: € {t — 1, o -,tstart} do
R+—ri+vR

Accumulate gradients wrt 6': df < df + V. log w(ai|si; 0')(R — V(s:;0,))
Accumulate gradients wrt 0,: df, < df., + & (R — V (si;0.)) /06!,
end for
Perform asynchronous update of € using df and of 6,, using df,,.
untll T' > Thiax

Volodymyr Mnih et al. Asynchronous Methods for Deep Reinforcement Learning. NIPS 2016.
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12000
—— n-step Q —— n-step Q
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v o
8000 0 6000
(7]
6000 -10 — ‘130{“ - 4000
— 1-step
4000 20 — 1-step SARSA
2000 B — n-step Q

A3C

0
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Training time (hours)

0
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Training time (hours)

0é
0 2 4 6 8 10 12 14
Training time (hours)

0

Q*bert 1600 Space Invaders
— DQON — DQN
— 1-step Q 1400 — 1-stepQ
— 1-step SARSA — 1-step SARSA
1200
—— n-step Q —— n-step Q
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\\ Score

400 /
2000 / 200
0= 0

6 8 10 12 14
Training time (hours)

0 2 4 6 8 10 12 14
Training time (hours)

a single Nvidia K40 GPU while the asynchronous methods were trained using 16 CPU cores

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 343.8% | 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%

J \

S—

Nvidia K40 GPUs

16 CPU cores and no GPU

S—

Mean and median human-normalized scores on 57 Atari games

Volodymyr Mnih et al. Asynchronous Methods for Deep Reinforcement Learning. NIPS 2016.
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skitEEb E RAD R

O S5 REREEEE ( REINFORCE ) &%
initialize 6 arbitrarily
for each episode {s;,a4,7(s1,a1), ..., s, ar, v(st, ar)}~mg dO
fort=1toT do
0 <6+ a:—elogng(atlst)Gt
end for
end for
return 0

O s, ap, r(spae) : t RNZIBPRE , SOEFNZRND
O m , 6 : (EFANRE | RRISFT{ERNZEL
O G, : RT3

O a: $£1<

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC
COMPUTATION GRAPHS” , John Schulman. (2016)
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sREGHEEERYER =

O ESRIS KRR E TYELEE
- KEENEUERI D T RBERISHYEFTI (L.
- RERSIKFERNRIEA,

HRAEH RO
KRR e

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC
COMPUTATION GRAPHS” , John Schulman. (2016)
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SREGERERIIC BR

O U BIRRImFAZZC
© B J0) = Erepy) [Ze v r(se ap)]
© EARVT(S) = Eguny(sy[Q™0(s, )] = Eamry(s)| Erepg(m) [Zsp=sax=a ek ¥ (s, a)l]s
© FRLMAACBARRIE ZFZENE 1 J(0) = Egympy(se) [V (50)]

O T : 3k

O s @ YIRIRTS

O s, ap, r(span): t RZIBPRZS , aERIZEHE
O me : EFARVZRRS

O 0 : FKRIEATERINSE

0O Q™ F1 V™ : IKEE my THY Q BEESIRSERE]

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 23

COMPUTATION GRAPHS” , John Schulman. (2016)



J(0) = Er pgr) [Xevir(se apl

ﬂﬁ‘hﬁﬁﬂgﬂﬁWE J(0) = Esy~pg(so) [V (s0)]

J(6") —J(6) =](6") — Esy~p(so) [V (s0)]
= ](9,) - Er~p9/(r) [Vﬂe (SO)]

maksnnts =J/0) —Eiyp YV (s,) — ) ytVTe(s, )]
S6Fc% ’ Z z

=J(@') + Er~p9/(r) Z YE(yV™o(sp4q) —VTE (St))]

=[E

T~p g1 (T) Z ytr(st, ag) |+ [Er~p9/(r) [Z Vt(VVne (Sgp1) —VTO (St))]
Lt=0 t=0

J(BHRITEN
= IET~p9/(r) Z yt(r(st, a) + YV (se41) =V (s¢))
Er~p9/(r) [z Y AT (s, ap)] Q™8 (sr,ar)
t=0
AR EXMF AT (s;,a.) = Q™0(sy, ar) —V™ (sp)

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 24

COMPUTATION GRAPHS” , John Schulman. (2016)



(EREEMERE

O EAHEREEMRAE (Importance Sampling )

) 470 (s, a)
9 0 tr At
]( ) ]( ) - = QTL’Q (St' at) —VT7e (St)
= IEr~p91(r) [Z VtAne (¢, at)]
t=0

= Eopiy 50 Bagony agls) [V A™ (st a0)]]
t

g (ae|st)
B Z Esi~pgi (s [Eat~ﬂ9(at|8t) [779 (@,]50) ytA™ (s¢, ar)]]
t

/ \

{52872 por BERMERF
( UTfAHRAE )

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 25

COMPUTATION GRAPHS” , John Schulman. (2016)



BERASDHINER

O SRIEEFRIRRIEZ BN |, BTLASL po(se) = por(se).
- RIR{ERFREMESRE | 23 1y (se) # o (s¢) AIBIER/NTeld
- EREBIRERENSRREE , Ha' ~my (- |Isy) # a~ mo (- |so) BIERNTF bt
© por(sp) = (1 —)pe(sy) + (1 — (1 — €)")Pmistake (St)
* Iper(se) —pe(s)l = (1 — (1 — €)°) [Pmistake (Se) —Po ()| < 2(1 — (1 — €)") < 2et

T

(1—¢€)t>1—¢etfore€[0,1]

, o (e |St) o
J(0) —J(0) = Xt Espnpysp [Eat~n9(at|8t)[7.[z(a—:|5:) yrAO (st, ar)]]

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 26
COMPUTATION GRAPHS” , John Schulman. (2016)



LYRERIRAIZEL

O {FRAKLEEAR RIS EFFAIEE
mgr(aelse)

/ typgm
0" « arg mﬁxz Esi~pg(se) []Eat~ne(at|5t)[n9 (at|s;) y AT (e adll

t
such that Es, ., (s [D(mgr(aclsy) Il ma(acls,))] < e
O O LMERETREREAFEIREERIKES A ( WalFEE=E311.377)

0 SEfRZfERconstraint violate as penalty

0' « arg max E [E [ﬂel(atlst) LA™ (s¢, ar)]]
g o' St"-’pg(St) Clt~7T6(at|St) T[Q (atlst) y tr Yt
t

—A(Dg (mgr(aelsy) Il mo(aelsy)) — €)

1. e, E#Fe’
2 Bl 1+ a(Dgy (mgr(aclse) Il mg(aelse)) — €)

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC
COMPUTATION GRAPHS” , John Schulman. (2016)
http://rail.eecs.berkeley.edu/deeprlcourse/static/slides/lec-9.pdf
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dey
€ = max |A,(s,a)]|

N> N max —
J(6") = Lg(8") — C - DFi**(6,60"), where C = a=)2 na

mgr(aelse)

L9 (9’) — ](9) + Z Est~p9(st) [Eat~n'9(at|5t)[n_0 (atlst) ytATlfg (St! at)]]
t

n(e) L(8)-C-KL L(6)

“Advanced Policy Gradient Methods: Natural Gradient, TRPO, and More " , John Schulman. (2017) 30
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“Trust Region Policy Optimization” , John Schulman, et al. (2017)
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LR

B. Rider Breakout Enduro Pong O*bert Seaquest S. Invaders
Random 354 1.2 0 —20.4 157 110 179
Human (Mnih et al.HZOl 3} 7456 31.0 368 —3.0 18900 28010 3690
Deep Q Learning {Mnih et al., 2013P 4092 168.0 470 20.0 1952 1705 581
UCC-I uno et al.Hzom} 5702 380 741 21 20025 2995 692
TRPO - single path 1425.2 10.8 534.6 20.9 1973.5 1908.6 568.4
TRPO - vine 859.5 34.2 430.8 20.9 7732.5 788.4 450.2
beam rider breakout
-400 : : . 0 : :
— single path
-600 |- . : :
-800
E -1000 [T E
-1200
-1400
_1660 b 5 ¢ R _45 N N . - B
0 100 200 300 400 500 0 100 200 300 400 500
number of policy iterations number of policy iterations
“Trust Region Policy Optimization” , John Schulman, et al. (2017) 33
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0 TRPOfFERKLEUELA R RIS EHAIEE
0' « arg I%E}XZ Es ~pg(se) []Eat~ﬂe(at|5t)[
t

such that Dg; (yr(aslse) Il mg(aglsy)) <€

ﬂe’(at|5t)
mg(aglse)

yrATO(sy, ag)]]

- {EAconstraint violate as penalty

0' « arg max E [E [ng,(atlst) LA™6 (s¢, a)]]
8 9’ se~po(st) at~71'9(at|St) n@(atlst) 14 tr Yt
t
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1. =, EFRo’
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PPO: Proximal Policy Optimization

PPOTETRPOET LAY
L #RVIUE B R

conservative
policy iteration

~ | melaclsy) - =~ A
LCP’9=IE[ Al =E;|r (0)A
( ) t neold(atlst) t t[ t( ) t]

LCMP(9) = fE\t[min(rt(Q)/it, clip(r:(0),1 —¢,1 + e)/it)]

A<O

pour 470 FgE TSR
| r LCLIP(9) < LCEPI(Q)

#Er = 1R
LCLIP(Q) — LCPI(H)

—4 r |
0 1 1+4e¢ LCLIP

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017) 37



PPO: Proximal Policy Optimization

PPOTETRPOET LAY
L &t BiR

conservative
policy iteration

~ | melaclsy) - =~ A
LCP1(9) = E [ Al = E; | (6)A
‘ neold(atlst) ‘ t[ ' t]

LELP(9) = E¢|min(r (0)A,, clip(r:(0),1 — €, 1 + €)4,)]

2. (NBREAERSEFED

~

Ar==V(s) +re+yrgs ++yT e + vV (sy)
EERERTF |, FHiTNPactorifTET AN EIE

IHEE8PRIA, FOLMP () , ¥pkmini-batch
EHFSH0  HEHOo1q < 0

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017) 38



PPO: Proximal Policy Optimization

PPOTETRPOET i LAYt

3. BENMAIKLESTIZEL

mg(aelsy)
”eold(at|3t) A = 'BKL[T[Qold(' Ise)|me (- |s¢)]

LKLPEN(H) — fE‘t [

AR5
+ HHEKUE d = B, [KLfro,,,C Is)]maC 150

a) WIERd < dearg/1.5 , BHB < /2
b) WNERd > diargX1.5 , EHB < fx2

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017)

|

39



PPOSEIEXTLL

No clipping or penalty:
Clipping:

KL penalty (fixed or adaptive)

o« TEEHEHIRIIAG

« 34 ‘random seed

- BAEXRIE1007
episode , 2118 ,
EEHE

«  Ex{Escorel3—t 91

A

L{(@) I‘t(H)A[

L:(0) = min(r¢(8) Ay, clip(r¢(0)).1 — €, 1 + €) 4,

Lf(H) = ‘I‘t(9)14t — '3 I<L[Tr0old . T‘l'()]
algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, € = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL diarg = 0.003 0.68
Adaptive KL di,, = 0.01 0.74
Adaptive KL diarg = 0.03 0.71
Fixed KL, 7 = 0.3 0.62
Fixed KL, = 1. 0.71
Fixed KL, 3 = 3. 0.72
Fixed KL, 3 = 10. 0.69

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017)
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