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An Analysis of sample efficiency of DDPG with model-based learning
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In this paper, we incorporate model-based learning into Deep Deterministic Policy Gradient that is off-policy
and model-free actor-critic method to reduce sample complexity. Experimental result indicates that it is effective
to generate synthetic on-policy samples under the learned model in the early stage of learning.
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—1{Z Deep Deterministic Policy Gradient (DDPG) %%
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2.1 Deep Deterministic Policy Gradient

Deep Deterministic Policy Gradient (DDPG) [Lillerap
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2.2 Imagination Rollouts

Imagination Rollouts[Gu 2016] I%, B#EDE 7L & AW T
FEIHAT Y v TV EEKT 5 FETH S .[Gu 2016] X
ZDOFEEHWT, BIFEHHA TO off policy 12 & 2 EERITMA
T on policy ZH ¥ TN EERT 52 LI k>T, NAF Lk 3
FENEL D DL VEITREETED Z & &2 i U7z Imagination
Rollouts IZFAWAEIRDET LTV D2hEZ 515, HlZiE
Za—J)axy T —=2oX Kl ”ﬁﬂ:’é’éﬁﬁ/ﬁﬁl%)ﬂb\
72 E T IR FE Z 515 [Gu 2016] 125 W T, Imagination
Rollouts Lﬁﬁb‘éf“—“iﬁ@%Tﬂ/ B=a—IV%xy b —2
0B, WL ¢ FIZE S DEIEELE Ve T VDAY T
HBHIELERELTNS.

2.3 ETIR— z“”k;é&i

[Gu 2016] IZE FILR—AEH TR 5N 5K 2 BRITTEM
LTWb. HBHERT, %T;w’) —%gfﬁbﬁ’w‘:ﬁﬁkﬁﬁ
SRHLDIT, ETNR=AFEFIZL > THRONIZARIIE- 72
TEEITW, BoNY Vv TILEETIL T —DHEDERIZ
W5, ¥5 5 DITBNIRED HiE, FTEY — ROYIDIRR X
N3, [Gu 2016] 1, NAF 2B WTIE, ZOFECTHEEET-
735G, PR BERRTEBCCE S 1 AWK, DAL
WELRDP-72Z 2 2HE LTS, [Cu 2016] TlE, HHRIC
FAWBRETNR=ZADEFET N TY AL L LT, [Levine 2014]
THWSNT W= ILQG %W,

3. 7IIJYZXL

AW THEIMEZ KT 5, DDPG 12 L T [Gu 2016] T
RRINIETNR—ADFEEGEEMAELEL T TY X
L% Algorithml IZmR9.

4. EERERTE

HiRD FOMRY LI REFEZEH L. v Iab—
K E#I51Z13 OpenAl gym[Brockman 2016] @ Pendulum-v0
EHERAULEZ. RAZDARA=V%M 1I1ZRT. 72720, 5ED
S%Eﬁkz?otof LR 2 MATEE U72.1) BN S Z A R

EZEHU. TORETIE, RO T-OWREZE cosh, sinb, § D
3 0(75%)\7'3 ELUTWED, AKFEKTIZ 0, 0 D 2Wot%E AL
UTHWS.2) IRD TIZ/EATE 2 ML O#if 2 K& L7z,
TLDRETIE [-2, 2] DT 2 XS ITREINT VBN, 2D
FEERTI [-10, 10] OHFPATEMETE 2 LS ITHE L. Zhid
iILQG IZ &> TH/RONBZFEN, JEOFHETIE, ML T OHFlR
ICE o TEEINT, HROELWHES BRI o TL
¥57-0TH5.

Z OO E X OpenAl @777r»w> LEIZ LAY 1
IV —ROXA LATY 7 200 IC&FEL, 50 T Y — R
FTHEREEITo .
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ADAM[Kingma 2014] & F\ 7z, #5H / 1 X%, Ornstein-
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Algorithm 1 DDPG + Imagination rollouts + iLQG IZ &
LHHE

1: Randomly initialize critic network Q(s,a|6#?) and actor

w(s|0*)with 69 and 6*
2. Initialize target network Q' and i/ with weights 69 «
62,6 « o~

3: Initialize replay buffer R «+ () and fictional buffer Ry
«— 0
additional buffers B < @) and Boiq < 0 with size nT
Initialize fitted dynamics model M < ()
for episode = 1, M do

Initialize a random process N for action exploration
Receive initial observation state si
Select 11/ (s, t) from pu(s|0"), 759 (ay|s;) with proba-
bilities {p,1 — p}
10: fort =1, T do
11: Select action a; = p(s,t) + N; according to the

current policy and exploration noise

12: Execute action a; and observe reward r; an observe
new state s¢y1

13: Store transition (s¢, a¢,7¢, S¢+1) in R and B

14: if mod(episode - T +t,m) = 0 and M # () then

15: Sample m(s;, a;, 7, Si+1) from Bog

16: Use M to simulate [ steps from each sample

17: Store all fictional transitions in Ry

18: end if

19: Sample a random minibatch of m trainsitions

Siy @i, Ti,8i41) I - 1 times from Ry and I times from
+ f

R

20: Set yi = ri +79Q (i1, 1/ (si4110*)[09")
21: Update critic by minimizing the loss:
=% Z Qsi,ail6?))”
22: Update the actor policy using the sampled policy
gradient:

1
VouJ = N Z an(S7 an)|S:si,a:u(si)v9”/~’¢(s‘9#)|Si

23: Update the target networks:
69 709 + (1 —7)69

0" — 70" + (1 —1)0"

24: end for
25: if B is full then

26: M < FitLocalLinearDynamics(By)
27: n'RC  iLQGoneStep(By, M)
28: Boga < B,B<«+ 0

29:  end if

30: end for
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+ Imagination Rollouts + iLQG)

BEBHEE, 7V X LGB ENZRA D 3 HOHIHNIRED
SAT78 - TAERAF o N il 2 T L 723 O TR S 5.

X 1: BIRD FORY EIFXRATZDA A=Y

RERIER

FERERIZOWTHRAR S, K212 Y — RS IZONT
EEINIEMOWB 2 RT. £/, X112, FFEHHIET L
R TEY — FCEALZHNEZ L5, ILQG ZHHEIT
FWAFEIZEL TR, fFHilodiz, &#i25% 2 DDPG #
AWy — N CHEE U722 i L T\ 5. Hillidrs
SR 4+ RO THR L TS,

DDPG-+Imagination Rollouts IZ2W T, DDPG & g
UT, FEHOBVERTIR L @Vl 2 R TE 2 K%Y
HLTWa. ZDZ &» 5, Imagination Rollouts & DDPG
KHLUTHEHE2RDDDICEMTH DA REENRBINS.
— T, SEFEIETYY — ROR T, SAIIE Sz
L DDPG LY L RoTWS., ZhiE, FHLTWAE
BOETFANNPBBIZIZELL Bz, EBRIZGshEZTF— X
Mo TENR SR EFETE DREE TEYNEA BT
i, Mo THEDRERZGITTLES S D EEISNSE. 2D
M A% BT 5121, [Gu 2016) THHEARSNT Wz L ST,
H BFEE DDPG D228 D33 A 72 BilE T Imagination Rollouts
EHBY LB —D2DHEL LTEITONEFESS.

DDPG+ILQG iZ2WT%, DDPG & HiEL T, #EHD RN
BRETIELVEVHMEERETE S HEIE LN TV, &
FANZE S N WINIE DDPG £ D HEEL LoTW5b. ZDH
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