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Proximal Policy Optimization with Double Clipping Boundaries
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Abstract: Proximal policy optimization (PPO) is a stable deep reinforcement learning algorithm. The key process of the
algorithm is to use clipped surrogate targets to limit step size updates. Experiments have found that when a clipping
coefficient with optimal experience is employed, the upper bound of Kullback-Leibler (KL) divergence cannot be
determined. This phenomenon is against the optimization theory of trust region. In this study, an improved PPO with
double clipping boundaries (PPO-DC) algorithm is proposed. The algorithm a"djusts the KL divergence based on two
probability-based clipping boundaries and limits parameters to the trust region, so as to ensure that the sample data are
fully utilized. In several continuous control tasks, the PPO-D@ algorithm achieves better performance than other
algorithms.
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FEGIN T BB S H, AN EHN XL
O W2 40 OB S U EUE.
3.3.1 PPO-Penalty

PPO-Penalty /&4 KL #UE1E 7'3?“@ T AMRAL B bx
M77iE, At B AR T ’\‘_ \

mo(agdss)
ﬂeold(a,|st)A’ —BKL [”901d('|5z),ﬂ9(-|s,)]}

\ (15)
ol B a7 AR, SLib TS = 3.
3.3.2 PPO-S

PPO-S s& PPO-RB ] —Fh gt gk &y, v 7k
R

PPOS _

Lpenalty(e) —E

ratio

—atanh(rg () — 1)+ 1+ e+atanh(e), ry(1)<1-¢
—a tanh(rg,(7) — 1)+ 1-e+atanh(e), reqa(1)>1+¢
F5,a(7), otherwise

(16)
o, a2 U [Pl TR (1 S 40, S P e = 0.3.
3.3.3 PPO-Decay
PPO-Decay Ml /& —F £ 5.5 I Zk A i e ke V)
UG HL P A PR, 235008 B S
SRR, X L Se R R A Ry 2, HRIA
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T-t

For, T 7 g EHERAE DL, ¢ R 2T F AL EL, g0/
FIARIA TR, 26+ ey = 0.3
3.4 AEIEEAE Mujoco IFE _EHIXTELSLIE

AT LIS R LG T AN A IR AE Mujoco M5 EiE
TSR, BT 5 MR HERE KRS Walker2d, Swim-
mer, Ant, Hopper, HalfCheetah. H T Ant j& = 4E4% il 28

2500 125

B, Pl 111 4IRS IR M 8 4ESh Ak, 5 S R,
MONZRTE Ant f£55 11817 2B+6 B, FEHRIES Lig
1T 1E+6 25, PR S8 il & BB HEAT, e+ s ]
2% o> AT I EE AR P sk, fESe il — BERR T
SRR, LS RS T BIEAR N EE R. IZR 2 L
5. LTS AT AT 28 [l R PR A SR R ) R
BE, TR 100 T2 R P Sk ) e 4k e
PR R LK 3.

2 000 100 2 500
g 1500 g 75 2000
2 1000 & 30 L 3150
500 % = 1000
0 0
04402 04 06 08 10 0 04 08 12 16 20
- Steps 1E+6 Steps 1E+6
(b) Swimmer-v2 (c) Ant-v3
3000 — PPO-Clip (¢=0.1)
3000 2500 —— PPO-Clip (¢=0.2)
: g 2000  PROPenalt
% 2 000 % 1500 —_— PPO-D(fecayy
~ 1 000 &~ 1000 — PPO-S
500
0 0
0 02 04 06 08 1.0 0 02 04 06 08 1.0
Steps 1E+6 Steps 1E+6
(d) Hopper-v3 (e) HalfCheetah-v3
s ARFSELE 5 A Mujoco 1E45 (Y1 2 2% B

e, Toil K H PR R AR T — R R AN, PPO-
DC 55 (E Walker2d A1 Hopper 54T 45 R 1) 9 B4R
& 6 MY A EF & . JCHGZ TE Hopper 1155 H1,

AR A i AR k. T AE Ant (£ 551, PPO= |

DC BIL R T IRF5 1 S PR RE, JRAE 180 JT25 5 i ik
T H A A 2. fF Swimmer (T35 7, & 0T 45 RSk
e =0.10] ff) PPO By:. XAl Be i [ Kk 2 $0x L4
IR SR e = 0.2 A H Y R Y THAIL 5 I8 &7 H
(135 ] Z %L, 7€ HalfCheetah £ 457, PPO-DC Hi% %
AR I vERe, 157U T PPO-Penalty H1%, %
145 P B A% & PPO-Decay Al PPO-S. 485
F A PR R (R B, PPO-DC B 1 1t % =2 A0 X 5

H¥K, PPO-DC 5 PPO-Clip %} EE A #5 B3R ATT 3
W7 X V) 2 75 BOE A R, B2 PPO-DC KA 2K
er = 0.1, ey = 0.21E XY F 4L, 1 PPO-Clip 43 51K
He = 0.1Me = 0.21F N B3 V) 28, Br ARl e —# it

B T LA A O LA 5 O A T A I 5
M%%Zﬁ%%ﬁ}PPé—DC 7£ Walker2d, Ant, Hopper
X3 AL T IR BT T I ) R
PPO-Clip, {Xff HalfCheetah 1155 T B 5. 25 %, Pt W
IR APEEER TR

FA MR ARSI B 6 X Tl gl 2
HSE 35 KL BB A2 4L, 2 500 i Bk AL G PPO-
Clip 1 PPO-DC. PPO-Clip %K e = 0.1Fe = 0.21F
NEV) R B 1 PPO-DC Bk K fler = 0.1, ey = 0.21F
NP AN, FExE LEAS [REE 2 Het RUE. T LR
F| PPO-Clip 5% 1Ee = 0.2 1 B 5 32 T0iE 43 FIRIIE
f, JCH AR AR Y, KL B0 B R LTk
W, 3% 558 2.1 5 A SEIG ARG N e = 0.18 KL BUE K
BEANVE IR, B A B ARIE, (ERZ 1 T 5 HTIE
FE S TR 5. M, PPO-DC BIEIE S 3L
e < 0.01FF KL R (¥ 36 KRB0 e, FEAMRIRA
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Walker2d, Hopper, HalfCheetah iX 3 4MT-4% ) & B b
PIULEH T BL EPEJR. AT AR et = 0.005 (484k) [l £
LA H LR IE, et =0.01 (LL48) ) B Z{V 7F Half-

Cheetah 1145 HH I — Btk &, 1 —FH#AL Te=0.1 (i
2R) M £ 2 b X et X B A F, PPO-DC Hikk
Et PPO-Clip 5014 5 A 0 o Adi AR AR

*& 4 Mujoco IREE R % Bl sz s 45 R

= . Mujoco¥f 15
ANV /4% =3 5 v
W s Walker2d Swimmer Ant Hopper HalfCheetah
PPO-Clip (0.1) 995 90 1543 1854 1457
PPO-Clip (0.2) 1053 88 1451 1614 1587
PPO-DC 1232 83 1576 2103 1196
AT A i PPO-Penalty 467 54 853 1123 1170
PPO-Decay 1115 75 1476 1358 ‘ \\. 1566
PPO-S 1182 86 1609 1672 W = 1604
PPO-Clip (0.1) 1620 120 2099 T2 2504
PPO-Clip (0.2) 1803 105 \ 1926 2296 2423
PPO-DC 2257 104 T 2504 3287 1719
= ST -
BR 10045 59l PPO-Penalty 599 \‘ 70 827 1798 1585
PPO-Decay L 812 105 2112 2189 2704
PPO-S 1660 104 2386 2542 2712
>
0.10 N 0.010 0.020
0.08 0.008 0.015
0.06 0.006
12 2 IZ 0.010
0.04 0.004
0.02 0.002 0.005
0 0 0
0 100 200 300 400 500 0 100 200 300 400 500 0 200 400 600 800 1000
Iterations Iterations Iterations
(a) Walker2d-v3 (b) Swimmer-v2 (c) Ant-v3
0.05 0.10
— PPO-Clip (¢=0.1)
0.04 0.08 — PPO-Clip (¢=0.2)
—— PPO-DC (&=0:005)
_, 0.03 _, 0.06 — PPO-DC (e#=0.01)
[ |2 | — PPO-DC (¢%0.02)
0.02 0.04 — PPO-DC (e=0.03)
0.01 0.02 -
0 0 A1
0 100 200 300 400 500 0 100 200 3004400 500
Iterations = 1 Iterations
(d) Hopper-v3 (e) HalfCheetah-v3
-

6. PPOClip Al PP
E)

3.5 FEEAE Box2d (£ LRIR LS
AT T AN FEREE Box2d 1155 EisAT
SER, LR 2 ML T 55 BipedalWalker Al
LunarLander. )& 7E BipedalWalker 1F-45 iz qT 2E+
6 2, & LunarLander L1247 1E+6 . PPN TESE AL —#E
BEHT AT, 3 S W I 4 A o0 A I MEAE R D
I, 1R 58— 85 5 T B B, B S IRSEER P
EAEE R I grih 2 W 7. T LunarLander f£5%
H AN T8 AR A B, WO R Rk B A i B
REERCIAE VN P bR, VRN Hdls WAk 4.
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0-DC EIELE 5 4 Mujoco 1155 RV KL 8

BipedalWalker 1T 5% i & U 4F 1 B2 .45 PPO-
DC F11 PPO-S. B4R PPO-Clip fEe = 0.1/ HUE F 315 T
A ) B PR RE, BAE BN U ZRod 72 vh R I AR AN AR
5E, 1M PPO-DC HIETEZAT 55 1 (111 25 P A i 444
BEER R B 1T ). #E LunarLander f£55 7, RV T I HE
#AUFE PPO-S flle = 0.2 (1) PPO-Clip, PPO-DC HJith
2 bR B AL T KR S — AN R
#& PPO-Decay Hi£7E Box2d M85 H R L A an'e
1E Mujoco I HIRIN, 3BT 7= A 1 Fh L 5 10 Ji R 2
MNIREEAE T AF batch size F target step, KA
W7 D20 3 Y A T S UK.
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8 X EL T R BVALE I Zhad 75 b 9 °F- 2 KL #
FEARAL. ] T RO SR HE R, KL B (133
R AT — TSI A E, 10 % i 26 i 2 K A 1 HE S
300

150

0

Return
Return

—-150

—300
0 04 08 12 1.6 20

Steps 1E+6

(a) BipedalWalker-v3

W5 FE %58 9 B 2. LunarLander 1F55# KL 8583 B 26 £ 4]
UEIY B BT IR LS 2218 R B, ixX 2 RN VAT HH
2IA R T Ik H Ar.

— PPO-Clip (¢=0.1)
—— PPO-Clip (¢=0.2)
— PPO-DC

—— PPO-Penalty
—— PPO-Decay

— PPO-S

02 04 06 08 1.0

Steps RIE+6

(b) LunarLandch(‘ntinuous-‘fQ

7 RS 24 Boxad (2% 10 145 2%

# 5 Box2d ISR HESER A AL

BOXZdﬂ:iﬁ*
P BipedalWalker & LunarLanderContinuous
) Fﬁﬁ%ﬁjﬁ] RJF100%  Fra#-Fi RE A
[EE 3 [al 4k [EE KA E
PPO-Clip (0.1) 152 273 140 64
PPO-Clip (0.2) 161 242 165 46
PPO-DC 184 270 149 61
PPO-Penalty 64 120 140 68
PPO-Decay 15 45 —66 217
PPO-S 182 261 175 52
4 4k
EIR PPO BLIEA B B i 382 Al ALl i B

REF, AT ERSUORAE BFN, B EH

0.010 0.005
0.008 0.004 |
0.006 < 0003

< 2
0.004 0.002
0.002 0.001

0 0

0 100 200 300 400 500
Iterations
(a) BipedalWalker-v3

Ja B2 Bt 3 24 4 B 1) 76 5 B2 R ¥ BBl N . PPO-Clip 5
TRTCVEDRIEIR — 5, S50 R WY 5445 P A 08 A e ) A 2
I, KL SO B TRvE g S, XA 15 T B A
H b, JE T DL B, A x4 8t PPO-Clip Sk ik,
JEH 7 PPO-DC ik, ZSA P B I A H
R, BEBUL FROE T IR BE I 2R 5 B s AN A2 k.
Horp a0 S e BERORE AR R — DM IR Al R T A R

B e e, 32 R 0T N DR SRAE % T2 KL B Y
XTI, SMA TR R MRS 2 M B XA L5 A
T, BZHOHIL B (S 5, PPO-DOGLA el I 4 7t
P32 T IR A £0 0 KL U 2 M A

FRALE, &Flﬂﬁ%ﬂilﬁhﬂﬁﬁiifmﬂ FEA T A A 1S 258
TFEEKE%? N\ :

— PPO-Clip (¢=0.1)
— PPO-Clip (¢=0.2)
— PPO-DC (=0.005)
— PPO-DC (¢=0.01)
— PPO-DC (=0.02)
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50 100 150 200 250
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(b) LunarLanderContinuous-v2

8 PPO-Clip &= H1 PPO-DC HE7E 2 4> Box2d 1155 _E 1T KL BU¥

£ Mujoco 1 Box2d M5 1) 2 N E L HI4T 5 L,
ASCRFEE T ARV E R 2Rt 28, PPO-DC Sk 14 fg
AT BRI, R, A SC R b T etk A e
HEE g B i KL 8% A2 4k, 45 328 PPO-
DC 5H3 0] LAFE AT FH 856 A 301 SR B 004 DL T 58 st

KL HUZ 2R,
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