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Abstract

Reinforcement learning is a hot topic in the current Al space, which is characterized by learning
in an environment that rewards and punishes it. Although reinforcement learning is difficult, its

successes are well known, the most famous examples being AlphoGo, AlphaZero and so on.

Deep Reinforcement Learning (DRL) is a combination of deep learning and reinforcement
learning. This topic uses DRL to implement a proximal policy optimization algorithm to make a
bipedal model in the BipedalWalker environment learn to walk, and adapts hyperparameters and

neural networks architecture to make the model training have better results.

After the experiments, it is found that the appropriate reduction of the reward discount rate can
increase the learning speed and the learning limit, and at the same time avoid the dead relu problem
caused by the large differences in scores. The final result is that the average score can reach 302,

which successfully solves the requirements of BipedalWalker environment (average score >= 300).

The ICM (Intrinsic Curiosity Module) was added to improve the exploration of the agent. The
final average score was raised to 316, which increased the probability of not falling to 99% and the
highest score to 320, allowing the bipedal model to move forward and remain stable at a much faster

rate.
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CPU:Intel Core i5-7500 3.4GHz

%] GPU i 5 AMD > &2 % GPU & (7 4cid » 2/ EARY » 15 8% 3] 5 e 5 ieqe
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% Fuiwindows

#2 3% 3% % python

F R 5 Y =% itensorflow

B 4 2 = :tensorboard - matplotlib

HARPE o 47 38 B numpy

(-)®&BEANE:
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Num Observation Min  Max  Mean
0 hull_angle 0 2*pi 0.5
1 hull_angularVelocity -inf +inf -

2 vel_x -1 +1 -

3 vel_y -1 +1 -
4 hip_joint_1_angle -inf +inf -

5 hip_joint_1_speed -inf +inf -
6 knee_joint_1_angle -inf +inf -

7 knee_joint_1_speed -inf +inf -

8 leg_1_ground_contact_flag 0 1 -

9 hip_joint_2_angle -inf +inf -
10 hip_joint_2_speed -inf +inf -
11 knee_joint_2_angle -inf +inf -
12 knee_joint_2_speed -inf +inf -
13 leg_2_ground_contact_flag 0 1 -
14-23 10 lidar readings -inf +inf -

B 3:24 i states
B & % & :https://github. com/openai/gym/wiki/BipedalWalker-v2

2 ~ Actions:

dApEes s Aui Bl BHE Eri@d ER).

Num Name Min  Max
0 Hip_T (Torque / Velocity) -1 +1
1 Knee_1 (Torque / Velocity) -1 +1
2 Hip_2 (Torque / Velocity) -1 +1
3 Knee_2 (Torque / Velocity) -1 +1

B 4:4 1 actions
B * % & :https://github. com/openai/gym/wiki/BipedalWalker-v2



2 Hip joints

2 Knee joints

®) 5:BipedalWalker joints

3 -~ Rewards:
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4 ~ Episode Termination:

WEAFE > E RS %I & E 5 1600 # (-  [state — action — reward] —
next state) s & & o

5 ~ Starting State:
WEA IR G LRI TR A MABFEYLE 2 o
6 ~ Solved Requirements:

fRAEZ S #iE 2 A 100w & ¢ Ti50 FaE F) 300 & -
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Agent

State, Reward Action
Sg, Tt g

Environment]

Bl 6: i R B e T (F

B * %k :O0penAl Spinning Up

LRI B 5, ap, 1A B R A LR~ B (TR B

s(state): & ik

a(action): #: i

r(reward): ﬁ’flﬁv

t(time step): p /¥ 2

T:w & id {5 — B pF R Ek
1~ #ui(trajectory) T:

B S RGBS B e 5 o

T= {SO, Ay TS, Aq, T, 5 Sy A,y rT}
- B x ¥ OUAF G - * £ (episode)
2 ~ % (policy) m:
policy = & e agent i €k i T 07 2 HE5Y 0 ppo JF B E i MRS R0
(Stochastic policy) » - ® d ** BipedalWalker s> i’rﬁi%l »E jaa(E B ey - &)
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(1) ~ # & 3 £7{ v% (Diagonal Gaussian Policies):
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(2) ~ $+ci 2% (likelihood):

k

log z,(als) :—% Z[%Jﬂloga ]Jrklog 2
i=1 i

p=ug(s) 532 o =0p(s) s tRF L ks R
m(als) 3 Rvsmhpk hspF A 4 B (a5
6 5 policy eh % #(EX:A! S iepeig £ 2 (4
(3) ~ % # (sampling):
i Rk me ettt B o E g ()R B Lop(s) 0 1 E - B FEATA

Aok S ke Rz k =B iR > RIT R 0T AR TR

a=u,(s)+o,(s)0 z
FROEFTTERTER

3~ w 3R (Returns) G:
AP REREEERF VK

Return ¥ _pF > gkt 2 {& reward 0% 4c > ¥ 5
QENTECRPE 1 2 gl NN
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4 ~ & 3 He(value function) v:
value function #dp e - BAR G ARG E FHF P R B LGEFL
BB AT Y waR o
VE(s): 4pih - BRGESH Yy 2 65 - H R E B RoinE T2 BT v
3R o
V7 (s)=E[R(7)|s, =5]
QT(s, ) dp i — Bk fisH e EH K- B Fa> 285 - R R % B mE
f’r—r-i Zé[d mﬁﬂ ;W’iﬁ o
Q" (s,a)=E[R(7)|s, =s,8,=2]|
5 - B4 3 fc(Advantage function) A:
Advantage A& T_& & fiF Tk i T ol i g ends (TR R iR g o 5 B R AL
AT R T g a F - B o
A (s,a)=Q"(s,a)-V"(s)
Adpw i TDerror(pF A £ 4 3% 4) § kit g S F 5 v LRSS
£
57 =r+N"(s")-V~(s)
E.[67[s.a]=E.[r+ V7" (s)|s,a]-V(s)
=Q"(s,a)-V7*(s)
:A”(s,a)
s’ %51 T — # estate

6~ B & % 3+ (Generalized Advantage Estimation) GAE:

v

R F KT S nfern s AV BB KB I TEREHT LG

,8\(1) ::é‘tV :—V(St)+r-t+7v(st+l)

AP =Y 1Y, =V (s)+1+ 0, + 7V (s.,)
A(S) 5 é‘t\il'f‘}/zé‘t\iz -V (St)+ I +}/ t+1 7/ t+1+73v (St+3)

. 1
A(k) Z=Z7|5V Z—V(S)"‘r VAR +7 t+k 1+7V( t+k)



A & B 50 GAE(Y) » 117 dpdict i 235 A 1 A7)

ACErA) (1—/1)(A(1) + AR 4 22 AP _,_)

(1=2)(8) +A(8 +7000)+ A7 (& + 181 +7°812 ) +++)

o0

Z(7A)I é‘t\il

1=0

o ;7\“ * /%1% John Schulman, Philipp Moritz, Sergey Levine, Michael I. Jordan and Pieter Abbeel.(2018) High-Dimensional

Continuous Control Using Generalized Advantage Estimation.

(2)~PPO # & iz 4:

PPO = £ E_Trust Region Policy Optimization(TRPO) » TRPO i & ¢p 18 % 7
% ;4 Policy Gradient 7 47 :E # Learning rate 1% 4% - & Policy Gradient ¥ 4% Learning
rate :E $% = < > Policy # % % Jzac > @ 4% Learning rate i = ] > QI8 ¥ i B &R o
TRPO #-§ #7{s cn vt w3 S et 5 L AT N W dndche V- BH 78> 7 AP
DRGSR AN ENT LT vt &= L Arehw AR S fcH A 2 o 2 TRPO 6
HEEAN L ATEEF AR o @ PPO @ * 1 Clip %4 { #7entg & > 347 & B AE o

_m(als)
)= Gls)

&

#- probability ratio % 7= 5 T,
Loss function:

L (9) = E, [min (n (0) A% clip(r, (0),1-&,1+ ) AP )}

Algorithm 1 PPO, Actor-Critic Style

for iteration=1.2.... do

for actor=1.2,...,N do
Run policy 7y, in environment for 7' timesteps
Compute advantage estimates Ay, ..., Ap
end for
Optimize surrogate L wrt #, with K epochs and minibatch size M < NT
Oola < 0
end for

B 7:PPO & %245

l%] A ;?‘ * /R % John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov. (2017) Proximal Policy Optimization
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0. % Forward Model F % #&

A SRR P RS B VA Sl

‘2
2

Le (405, 906.)) = 5 J6u) - 405,

S0 TS SRS P S

‘2
2

n>05 b fhlle » BAEL FH oAk

b ZCMEICW
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EEN
/,'I E \\\\ , C;(”Y—i—l) Ir’l‘v:é‘sﬂe_’ &t
8-~ b =St 4
\@ E @/ @ F&xﬁaerld Q("t) cz1)(5t,—+-1)
\lat/ ai 7y
! , .
ry + 1} rep1 + Tipa a:

B 8:ICM & iT7 %, B m % policy, £ 7» environment

g] A ;“ % N Deepak Pathak, Pulkit Agrawal, Alexei A. Efros, Trevor Darrell. (2017) Curiosity-driven Exploration by Self-supervised

(T)~ &

W EY R HRA APZRESERE P T B8 SHEEAAR § AR
ify‘?iﬁs?l S Aok ik 0 #8151 % Welford's online algorithm %t state #afk# it » & #-H clip 4
o BB e 0 2 {5 SR IE 1 40 state e~ Actor A4 S Me L 0 Actor iy U & F 24
F i E u(GEL) S HEEE L log(o) (347 £4E) > R A BB ETAF A4 gk (T
KRR o AH BT AP RTA ML ATE R SR T - B
F (buffer) » # 5 % B > ST RSN B L gL A R e
o dek 2 L 2@ FHRARET > APRIRR T Ly ivs b

Get action

gﬁl/, Gaussian

distribution

. R o : lo,
Environment [——state—>» Observation standardization ——state—>» Actor <

E |

reward
l Buffer /

reward state old , logo | | action

action(with noise)

Bl 9: 3% % A2 6]
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HERREHE SIS FERE LA TR FL 0 L P v RRY KBk

R At SR E R ST YR AR R

o014 SRR

L4 1o

Dense(action dim, activation=tanh)
RS AR S ;')

4

Tensor(action dim)

3~ 4p 4 S dik - PPO Loss Function

PPO
A RRRE
Actor network: Critic network:
L 24 L 24
S ABETA T 2¥n ﬂig?l » Input(state dim)
ﬁ%] » Input(state dim) & >3k Dense(256, activation=relu)
# & >34k Dense(256, activation=relu) Dense(128, activation=relu)
Dense(128, activation=relu) ﬁi;‘l gl Dense(1)

2~ i ® D Adam

3 ~ 4F 4 S f ¢ Mean Square Error(MSE)

AL SR B (83 %)
Actor Ir Critic Ir Batch size GAE:A *PPO Clip:e | Discountrate | Batch iteration
0.0001 0.0002 1024 0.97 0.2 0.95 10
ICM
WS RERE AT SR B (g3 %)

Forward model

Forward model Ir Scaling factor: 77

1 X
ﬁ%l » Input(state dim)
# & >4k Dense(256, activation=relu)
Dense(256, activation=relu)
ﬁg?] el Dense(state dim)

2~ gt ® ¢ Adam
3~ 454 Sk ¢ ICM Forward model L,

0.0001 0.1
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FERxid APERRE) BV L () PPOFEEME ~ () ICM p
adF & ek Tl e ;8 4 Actor ~ Critic 2 ICM forward model = B4 & i 8 (7 { 70

Buffer

reward state action | [old p, logo

T~

Gaussian Log
Likelihood
Y
.. y
Critic
Actor
Y Y
GAE ‘ ICM forward model I, logcs\(
e i Gaussian Log
r 4 Likelthood
L aaln) mlals)
Reward l
PPO Clip Loss
< Actor update

B8] 10:Actor § 37 428

Buffer
reward state
next state
Y A 4
Discount Reward Critic ‘ 1CM forward model
\ / real state
real reward  predict reward predict state

L | f

‘ Loss function L, |
MSE
<2 Critic update {3 ICM forward model update
B 11:Critic { #7/w 2.1 B 12:1CM forward model § #7x #2
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BT R S % A cB(F 13)Y T 0 R 1 PPO ey A A Bofoacht
~315 4 » @ PPO+ICM h4F i &8 4 Bl {2 80> ~320 4 » 82784 » 7 ICM eh3 i B P &
FREL AR SR E R A(S F PPO)AI A B B ICM 5 - A
PE o ERYPRPFFEL > I ICM F kg Foig 47 FREEY PR 73] -

B3Rk TB(R 13)° 7 R > d 302 AT A LF Y e ¢ 7
538 1) 5. je_#:r;}r‘f 100 A > 9612 & PFEen T 300 () 14)B R FE Tk 2 0 (o ik B4 7
WP A Br-100 A2 Pk w BT o iE|ehd & R F]R F F L VREMRY L FE R
@ %%L’r&‘#i@ﬁﬁéfi v m EpE PR EARY TA 2 sk (noise) § ERPF A A F LT
i o MEFATAM AT ACtOr 31 R ABER ARG REI R 0D T A KL

] A ,1‘1—?1 Il F (B A5) A %7 " 0 L A& A48 T at o

©® ppro Episode:13500 Training time:7h 30m
® rro+iCM Episode:10000 Training time:12h 36m
400 | 400 |
300 - 300 |
200 | 200 |
100 - o 100 |
0- é 0!
-100 | -100 |
-200 -200
0 2k 4k 6k 8k 10k 12k 0 2K 4k 6k 8k 10k 12k
Episode Episode
i8] 13:score episode plot B8] 14: score episode plot(smoothing)
g |
E 4
2
0

0 2k 4k 6K 8k 10k 12k
Episode

] 15:entropy episode plot
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value(®l 16)4? (L iech® ¥ B 4R 5 v_target(®) 17) » & x 2-¥ g in 2 2 ¥ b = o
Reward (B8] 18) = ﬁ%)]% S HcA A mﬁ;@s@v - PPO mﬁ%/ﬁv % GAE # # advantage > #_tp $+*+35
Eenif g o d 3¢ Critic 7 & 2 chvalue  #73 Gip TR R P R HRT IS AT T
0 - PPO+ICM mﬁﬁ’/]%vk? PPO4p £ 48 < 7% ICM £ 472 & ﬁ’f/,ﬁ*m?{ﬁ -0k ’1‘:‘_}%@7
(advantage)*r + 7 p & pER > foadvantage ST E3C 0 GUk T 0 BRI A NS ¥ M E
RS Jﬁ&—&ﬁ\ BB 0 Y R T g B Ao B PR R 2 G ERIRE 0 T

FEHCHEE o AP EETE o D - B AR i o

@® ppro Episode:13500 Training time:7h 30m
® rro+icM Episode: 10000 Training time:12h 36m
8 | 8 |
4 | 4
2 o 3 0 —
s g
4 >| 4
-8 | -8 |
0 2k 4k 6k 8k 10k 12k 0 2k 4k 6k 8k 10k 12k
Episode Episode
B8] 16:value episode plot ] 17:v_target episode plot
0.14 - L
0.1
- ‘
% 0.06
g ‘
0.02 -+ t
4
-0.02

0 2k 4k 6k 8k 10k 12k
Episode
] 18:advantage episode plot
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BIFEP E PR E A E2VRE B - Fendrac i Fla B Y o BuEe Y Ak
PEE 6 B AR ATIE B BB ALY T35 100 Hp 4 ik i F RS RIGEY TR
LR R P b g e o

A KR R i 7 1000 o 0 RPE S IR A Bo B SOE (RS el E B )
A Ratg L B) RARGFOHRER > DRI TR L EF Y EY R
imlent ) o B BRIEOS B A (B 19)F ¥ 0 F PIeF 5 R R D ehaiE > PR & F

A Elde s TR DGR 2 R h o R IRART LM S - o

AR A (B 19)? 7 rr g 3]0 4o 2 3 ICM B 4e 7 R R i 4 (S0l P B2 T AR
B~ Liom gk boEent U de(R 20)  Be R A ha dep AR A L o R FSE A M

Fazd A RS Ay A AR E 0 Bl AZE 300 A %éﬁf‘ué FEIRE D
Fs g e o Bt X s

Testing episode:1000

‘ PPO Max score:316 Average score:302 Passing rate:0.92
@ rro+ICM Max score:320  Average score:316 Passing rate:0.99

350

300

250

200
(]

5 150
A

100

50

0

0 100 200 300 400 500 600 700 800 900 1k
Episode
] 19: Testing score plot
330
320
~—"—l__.——-——'_‘-.__-\__ . ]
310
_  _,—

L 290
g

2 280

250

Episode

] 20: Testing score plot(smoothing)
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1 -~ Batch size &2 8 % & ez 3¢

i F 5% o batch size 3% ¥ 5 1024 $ 5 & if o batch size + % € F R AR ¥ 2%
FA o k)Rl g )i discountreward o d eE TR AR & RRF o TR B
¥ % (0.0001) § 1 #eit it % o

2~ FTde B R ORI (1) IR DR AL RS 2

(1) Kz

-

d T E A RQ:}%&J%&@#B&«’ ook @y ERE R HER
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YR A AR % R g SER T 2 BAAL
a. %%K&%ﬁ’ﬂaﬁi

d AT R AR R T}Q#‘Tﬁﬂ Bl e THERBBALHe i * 7

5 2 ;}‘ﬁH_IJ;E & )iﬁ{:&mw )—(\. fe {5 5 + L_%J%’Kﬁ,\%ﬁ;’ » @ % relu /;i—(—é;_i,ﬁ'{?

MR SRR A A et e R A SRR B R IV RS
b. ?? 7‘9:32;

S EBA M R D G PEREFHE > T L AR
F Y RF 0 F AU RV AR 4 EFH
c. Dead Relu F* 3%
R AFE I L BB 4R R T Dead Relu: 4 #c & i «17
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