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THESIS: Research on Mobile Robot Navigation Based on
Deep Reinforcement Learning
SPECIALIZATION: Computer Science and Technology
POSTGRADUATE: Gao Kepan
MENTOR: Professor Shen Furao
ABSTRACT

Navigation means generating a route and controlling the robot to move from the
current position to the destination. It is one of the core components of mobile robots.
Mobile robots are entering all walks of life, bring difficulties and great challenges to
autonomous navigation technology. On the one hand, navigation requires obstacle
avoidance and high efficiency. The robot should not collide with static and dynamic
obstacles during the movement and can reach the destination as soon as possible. On
the other hand, navigation requires generalization, because sensor errors and changes
of scene affect the status of the robot in the real scene. Although many traditional
navigation algorithms are proposed, the algorithms lack the ability of perception and
learning. Deep reinforcement learning has a strong understanding and decision-making
capability. It has huge application prospects in robot navigation.

In this paper, researches navigation based on deep reinforcement learning is studied
to realize intelligent obstacle avoidance and efficient movement, help the robot flexibly
adapt to a variety of scenarios and reduce the computing costs. This paper focuses on
hierarchical navigation structure and generalization and proposes a reinforcement learn-
ing navigation algorithm and an migration algorithm for navigation. The algorithms
are verified in both virtual and real scenes, which strongly proves the effectiveness of

the algorithms. The contents are as follows:

1. In this paper, a hierarchical reinforcement learning navigation algorithm is

proposed. The local planner of the algorithm is based on the Deep Determin-
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istic Policy Gradient algorithm. The end-to-end, no-map local planner gets
rid of mapping and manual evaluations. The continuous action space provides
greater mobility. The lightweight network structure enables it to deploy on
a low-cost platform. The global planner is a combination of reinforcement
learning and PRM. We propose a connection method based on value function
to establish dense road maps rapidly. To efficiently train and evaluate the
algorithms, we build a customized simulation environment. Experiments in
several scenes show the effect of the algorithms.

2. The paper studies the migration of reinforcement learning navigation and gives
guidance for cross-scene navigation and proposes a transfer algorithm based on
state mapping and one-step reconstruction. The generalization is improved by
increasing the number of MDPs and random noises between scenes with little
changes in state. For scenes with large changes, the method of state mapping
avoids retraining and one-step reconstruction error speeds up the transfer and
improves the efficiency of data use. Compared with retraining, the transfer
algorithm achieves a comparable result with a smaller sampling amount.

3. Weapply the navigation system in real office scenarios. Combining localization
and mapping, the paper constructs a reinforcement learning navigation system.
The system deployed on a Turtlebot3-Waffle navigate intelligently and avoid

dynamic obstacles in the real scene.

Experiments show that the methods proposed in this paper have a good perfor-
mance in planning and obstacle avoidance. They also provide a strong migration ability

for policies. Experiments in real scenes also prove the algorithms are practical.

KEYWORDS: Navigation, Robot Intelligence, Reinforcement Learning, DDPG
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%

Bl 2-2: MLge A4 I vk

2.1.2 )Rt AR

AR FER B 2 BT MBS, SR — SR S B L A1)
TR MR AT, SERr A Ry, BT LSS BB s . 8 M HERf AN
Wsg v RS S R S5 R A, ARMECRIENL s \NAERS S RE i, ™A%
HUPMIEEA R E BRIz, P i — 2R/ 5k, FUPLES AR
PRI SN & ) Jry ARBE A (5 ., FE R s N IR T SRR, AT B XS B
S5 ) B A PRI 1 AN 5 1

I R %A 1 B Tl (Vector Field Histogram,  f#i#% VFH)PS),
7% 0¥ (Dynamic Window Approach, fAjiFR DWA ) F158 3 il %35 (Curvature
Velocity , fij#x CV )11 4  H i VEH B LW FALas ARl , el 2-3a i
N 3= 7 G B ] e N A s RTINS S 9 L o A I R LR R e TR
A TR B AN T SR SR A AR ], A R HIL  P JE S ) B
T, Bl RiR B AR s T KIS E s sl ), I pLas N s
V%7 RS S AR 4. 78 VEH S35 B IS 210 VEH+ SE 00 5 3|
Plds NRB A8, oAb B RIS T vk, AR T L Az 3 22 A Al
FaE k. M VEH*UO Gk geg T B 25 B) A E— 0w, Selus i s e 2,
A A* SER I R AR S AR

UNE2-3bJf 7R ) CV J7 351 DWA J5 7RIS ke Md 25 18] DL AR 4 3 BE A Lk S
PRI TP, AR AN [R] Py P B A B a3l 25 ) whoxk B R, M iz sl
B GEAT OB A B, WA R T R BRARLZ Sh BB I A i, AR 2N
BT BRI Sl AL R S5 BB HAROLE AR AR . HLas A
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(IR, R AL SRR, R RCRAR AR B2 He T4 iR B
Wi, PRk B TN R A 5 vk B AR E R, (EAL R B R TR
TR Z A RIZAR, R B0 N A5 SRR BEFE PRUEAL AR A 20X 22 42 11
[ B PRAE SN IR F AR . R Bk TR 28 B N A BB s Ay, A%
H5 3T I A2 St i A RIURIR I e Ao A SR A TR, R) b 0 ) e B 1 1) 52
P, REAS PR B R A AR AL . (EAR— 4RI 2, RE AR e L N T
SN, B U BB,

(a) [ L7 P (b) DWA J5 i
&1 2-3: Hlds ARkl B3k

2.1.3 B RLRILE K

CIEG NGS5 8=Vt ot S R N i R v I P (S T S I S € 221 B8 e o
JRy AR R AR AR MR SR AR ) — AR G P . IS5 ), W
ARG LRI RESHIE, HeM &R (BEm) Bkt —
FMERBIA GRBOT TR e R, Ry h2 B, feRfie b
BT AR RN R S B AR, BN sy, Rl (i
) SRS, RS IRIE ES R S SRS B, ML Ak ik iE s T
2, W, Plas AMEs il e, R9E H SO RmAL . I 5t B shaS ks
PR 5 PR A B S RGO R 4 R AR DA SRR A . /R
AR RIS o TS A KR B0 5 5 (A ML e N RS HEAT R IS L, [l IRF T34
B rh SRR KB SRR .
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2.2 nifbis]

54k >] (Reinforcement Learning, iK% RL) 2 FirEm [A] 251 A7
WIS T R D——RREIR (Agent) PITHRERIBIME (Action), [F]
I 5 FrAb i ERE (Environment) PEA732H., WS B AT AL IRIEHPIRES (State) K
SZHASE B F (Reward), JAGHYRFOBGR , SLMISATR S0, TH—
Z IV EAET 58 Ja AT PR  Si 7Sems AR iy e 25 o A B M AN i
WA, W, 2, RTRetbi KA R AR H B 5, ML oS iE ST -
Si Ak sy > B TRl B AN PRI 2-4 i

Bl 2-4: gmAley > i ) B AR

2.2.1 HRnRPRER

JUT A 58 A5 ] BIAT 45 7] AR N TR ] R A (Markov Decidion
Process, X MDP) . —ANIh/RA] RPL e BEX U TCLH E =< S, A, P,R >, S 3
AREHES, A FRRIMENES, P X XAXX = R EZRREZAIFERE IR
FREL, R: X xAXX > RFREFRE. WRIEEIRATRME, ARB 2R
PIRER AL S M AP A X, HZ I HARESTC K, AR

P(Se41|St5 81215 ooy S1) = P(S141]57) (2-1)

2=, s FORN—IZIBPIRES S 20801, o 1 O T 20 B e i i 20 AR
o

LR A R A R A o] SR B AN 2-S PR, BREERIRIERIRES N S, AT
M a5, BREERAREHAE N 52, FIRRIFIIRBTON i, 3G AW IT Bidr)
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T (82’ a2)
So

] 2-5: /R AR s &

Ferpad i, A ¢ WRIRATEE a,, ARESH 50 220 spa1

B REA AT ARFE DL AT 2 P BB PR BN 1, AT BEPRATAY B L, 5
TR LA ] B YL . S AL ST B H A > SR 7, SR T AR o —
AFRGEES A BN ER R EL, Bl e S — A, WA AR NAE— @RS N A T3h
TERRER R ZL, Bl S X A R B REMXS T4 — ISIREHS I 7] — A~ R B
i

TRl RS REGS T RAT IR BRI R BL, (BRI AN BE I B
RVORVEHA, 1R A% K AT IR A SRR L, S AH R FOR 2t
FrvtA o (HRREL Vi (s) f3AR 7RIS 7, FEUHIERELIRE s I, RRAEPRTT
MRARRG. BV ZMITF I, HOR AT wif:

1 T
T}Enm0:4 (2-2)

t=1

Va(s) = Ex

Vn(s) = E7r

+00
D ¥ realso = s] (2-3)
t=0

A2-2FIRAK T R BRRRF, K-35 F v i oA s, v
FORPTIMARL, — My <1, FoRJFEERFO LT 52 %20 /N -

BRAE s RS TRIBGEIE a, FAFHIRTN ri, BT MDP F H /R RN,
A 2-30] PVIENIBITER, Wigh/d Bellman 7574 :

V”(S) = E7r [7‘1 + yvﬂ(st+1|S0 = S)] (2_4)

REERRE Va (5) FORMARES s %, il BERGH ORI BRI BL, IR
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DE— B B RATEAVERE, AT DABE RS- B E(E R AL O (s,a), HIE v T
B, RS- EER BN

Qx(5.a) = Ex | ) ¥'rinlso=s.a0=a (2-5)
t=0

Qx(s,0) FTRMIRAS s th % . PUETEDIE a5, BEFIORENG = BEH i) B
%, [FFEAPAZEIE A Bellman 574 :

Ox(s,a) = Ex [r +yQx(S41,Ar41]50 = 5,00 = a)] (2-6)
SR A2 > T B AR B W B LR st 2 A B K R AR R i SR -

" = arg max Z V.(s) (2-7)

seS
B SRR B — AR R BN — RS- SRR AR, SR LR S B H(E
BRBOVR R B IR SRR V™ (5) M RS- SRR R Q7 (5, @), SR fE R ER AL
Xof I 1) R AR B IR -
Vi(s) = max V(s) (2-8)

Q" (s,a) =max Q,(s,a) (2-9)

RIS BV EE R, W] AMTE SR A0 SR -

7" (s) = argmax Q" (s, a) (2-10)

acA

{EPRAL. Bellman JjA% . SRAENESE2 /R ] Rk ol R A &, K2
Fom b > FEAGE AR BRI TR . B SR S R A DA T
PRy YRR TR R D538, N I X R SR e T TR B 24

2.2.2 PRS2 05 ik

Th /R A] I PR i A r IR S eR KRS B L R BT T 15324 BipIR 2k
PRI IR B BN Al e (E eR T DAEA T SRS E SR AR A . X2-452 4K



14 %% taxTiE

ASME MR ET Bellman )52, shaSHU EMZ &, FRBEASRASIARESE
ST, MR, AR, FIH B AR AR AR A e
BOHER 2 i AR IR s . (HX AR RO AR P, I HIE
H-F- MDP LI 1/, 72 MDP SR A1) SR v, mT AR SR Ry vk
R R EMER IS, BABRAE N RIS T4 e B RSP 8, T & 51~
BT SRBUIRASE, %07 R E R R e B — 50 SRR, BRI T ik
KR o BF2E45r (TD) kP ARG TIXA IR, 72250 A MR F 26
(bootstrapping ) FiIHE, T rivi +yV(Sn) BT reai+yroa+y2rs+ o +y" ey
R ret + ¥V (s01) = V(so) S TD %25, 30RE PSS PR AR Fok gk
TPERE TR, MMERTE T 222 308
Q-Learning 55y P21 J& —AN A58 8 210 5 TE PR AR 3R b 2% 2] 777, Q-Learning

SV P 2253 KRR MRS SRR B @7, TSR ARSI Sk v, HAN 3324 i
WRESNET Q MHA I =217k . Q-Learning FykiH# T B Hl sl 1E 25 A
WA, AEBHEIAE R, IRASIVEME R 00T DAE 1 fA T S B, REAE A
REE (50, a0, 71, 5000) A QEF H HATERER, FIEESFISRT Q (HETH
ARSI R, SR WIAR PR 2- 103845, 308 Q {H I 7 ik =2~ 12 iy
TR

Qx(si,a;) =1, + me-x Q2 (Se+15Ar1) (2-11)
Qr(sp,ar) — Qr(sy, az) +alr + ymaXQﬂ(St+l’ at+l)] (2-12)
Ar+l

FEFRSEE AN WT AT IR AR, MBI R PSSR %L, Q-Learning 55
RE R AR INER2. R .

2.2.3 & ToRmRE LRt 21 05 1k

Q-Learning F3k 1 T AL BE SRS E 25 0] 1 WD, LR B2 a] rh IR
N ATRASRAT TC IR ARSI, BIBEXT R O (s, o) A TCRRAd, ARME A Z2- 10875 50K
Wt R o TE LK BV ZS [A) 1Y () AT DACR SR ms B BE R O 9%, R 2 AR
TR 7 SRR N o, RIS LR ZAE, MAFREITR(ERE,
Iy BARSEIRES ST SR BB E , IR RF SRS 5 B0 B 7 ) X s A b
itk mAARFFER AN -
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Algorithm 2.1 Q-Learning 5.7

Input: 7: ZEPPALYRNE, w: REPIERE, n: IZREL oy BHISHK
Output: FHFLHFENE
fori=1:ndo
WIHRIAIRES s
while %5 K 45K do
FIH 50 o AN [E RS 1 eI a,
PAT ar, BT —AIRES 50 FIREF 7y
MRPEA2- 1285 Q {5
ST ARG 7(s) « argmax,eq O (s, a)
S € Sr+1
end while
end for

SRS P S BELIE SIS 7o (s,a) = Plals, 0] AHE LSRN a =
mo(s) MR, BEMLIESRIG 2 M AR s N alfE a BRI, #fE TESR
SRS s ME—XF ) —AB0HE a. SMERE/RAI R, JoiRHH hrek
BOAIE Qi R, ARG SR E B, A ek B0 SRS S 4 e i )

Vod () = /S P (s) / 0 (5,a) Vo 7o(s, @) dsda
(2-13)

= Es~p”,u~7re [VH log ﬂg(S, a)Qn(sa Cl)]

MRPE2-130 01, B VoJ (o) WITHRAS BORHRAR XTSRS R b 1
Vop™ (s), FBEK A oK BO0H SR BE R AT DAEA T SRS ) T . AR SRR
JERIRA, O TR, WREOREE— SR A, AT 2P R
PO TIENT, MRARAREE IS4 0 HEAT S8 :

0 — avyJ(mg) (2-14)

RGP RSB BT, SRS BREL 7o (s, a) AT DA TS softmax K B4,
H ¢ (s, @) HIRWREAT HFHE, RTEEEifEam, H2-15F8R3hErYiE Ak
B

€¢(s,a)T %]

3, edsaT o (e-15)

me(s,a) =

X IESEE RSN, SRR A1 N(g(s, a) 6, 02) 772k
LB ST SR B R (4500 A 27 >) B9 32 27 REINFORCE S33 P4 FISa A
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Actor-Critic (&K AC) F¥AP> 7 4§, Actor-Critic SEVAAE hj—FhSREm A BE Bk
W E TEREGEPUEAE, Actor-Critic 53K AL1% Actor Al Critic Pi~45H4, Actor
KT SRME BB, T Critic 25T Q-Learning S5 B R HUL L. — B4l
—ANml A (episode), SREMEH RESVATAT— BT, AT 2458 —AN A1 58
HBRIG A REE T# >, SECERENE, 1 Actor-Critic 7] DAZEFIX AN, H
T ORme By, HAEEZE b it T Critic £5#, MIMSEILAZ: (step)
P ST . Critic ITFRRS-ZMEEEEL Qo(s,a), I TIEPIEMIERE s
NHATEINE a B4, Critic hy Actor 2AEREEEVEATH R . Actor-Critic SVALS &
TAERECRRMEBE RS, AR AN “frah &R, fiehEET
P PG AL R I TS, WS Critic BT 57 04730 B SUBE UEA 24
HIRATEN, SEVASSH N EI2-6f7R o

hY

= Policy —

Actor

) / ™
Critic error

__»| Value
Function

/

state — action

reward

{ Environment }4

& 2-6: Actor-Critic Bk~ &

15 AC A, Actor I -4 20, & SRms B B : 7o (5, @) = Poals, 6) ~
n(als), HH 0 M ZLEG Critic FITXSIEIEATPEA, AR S22,
T I A] PARE T AN R AT PR A -

L HFARSHERL: V(s)

2. BTWES-SENERE: 06, a)

3. BT TDARZE: 6 =1+ YV (se) = V(s) B 6 = rewn + yQ (5141, ara1) =

Q(s:, ar)

4. BT HEE: Als,a) =Q(s,a) = V(s)

UPREET TD 422 6, = re + yV(se1) = V(s1), N Critic XPAREHr{E o8 B AT
AL Vi (s,a) » V(s,a), w K Critic FIZH HMg mo Vo, (s, a) INSERLH



2.3 AT miE T e HE AT 17

ANWIE

Ore1 =6, +ad, Vg logmy(s,, a)

—0, +a6tv6770(st, a) (2-16)
mo(s:,ay)
Wil = Wy + @0, Vo, Vi (81) (2-17)

Hrb a 5] R, 0 N Actor RSB, wpn O Critic BFTEIHSAL,
Vo (s)) M Ve (se01) 20 BINFFHIINZPRE 50 AR — 2R 5,41 Fg A Critic 43
FIRAREOE.

R T MR B3, Actor-Critic FYARUMERL, &SI — AR H]
PASERTSH . TN R4 B ARAS AS AN, Actor AT Critic W] DASR I 22 M 28 1) 25
t, RUGENEER, Sl Critic 7158 TD %22 o, #3705 Actor Al
Critic (B H BRI A IS HL. Actor-Critic FIAIRITAE—EM AR, HKH)
B ARAZULEL, H Actor-Critic HESLJZ2VF 2254l 2 > IR ALl

2.3 b I pLAs A il

b b S M BNE AR, sk TRV 2 AR B T4 N8 H .
UK, BRTHTHER. M2, HEREPY. ARIET A SO h#a
sRALFE ST - Al NBIF 23 TS B RAE I TIE Ze R, (R ALas A
RE U AT VF 2 3 b > W S8 Bk . FEVLAR AT 7 TH , OpenAl B 2215,
F R sRACE S N ZRHLA AT HRAESY SCk™ ! R soft Q-learning (SQL )™
TS A PR N 3AE, SQL B 2 AR ER TR FI 2H & 01 SR m oy 4> 22
FFIE, A SR A A UMK T AR N 2R a5 . SCHR ' 41 4 RST (Reference State
Initialization) 1 ET (Early Termination) [{J75 %325 ZRife, Hiid 2 B e
ANV EEINNIE S H e, M T2, ZeRMmaloRSE S SCak ™ Xt
B R WA NG 2. B St R, T B @ B i A 3 g s
BTN G 25 1M, AR E RISl B SR B #1) AN Ymals #lgg A A, sE8f
T Bl AR B AR ATER . = ais shRe T, RefE S I A
My, BB EWERET . SCHERS 6 Joas S il A g, SRR pLEs A GenS
TER IR N Bt RES: > SR 1) micro-data RL (MDRL), TERL#S AR k27> v
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AhEEE, BEEAE I RCR. BAR R AR, AT R A PEE BT RS . TR
i NBH T, SCER M JE Il s B TR A5E ] (tactile model-predictive control )
FeomAbr > T RE 5%, SCOURB AN, SCIR ™ Kot B 45 & ks 1k
23], DAMCBRBIAS KRS EAT 45 H bR STk 1S S5 Al b R se Bl o 4 i
i, B IR S BRI A R . ZRGSRAE, SRTHEARFI SR, I
IR R S, TAZ AR &M .

FERLAS N ST T, SCHR ™ AR BEAHBILI S 1 i A 4 U 8., R A GAILPY
SEIL T BASIE PAF A AL AL SCESR B R RIS . SCHRPY R DON B, K
J54h RGB-D R, TEOT BRI Z: 1 BN A pO PR R kg, 42l AL
i NORFERERR (1 7] I R 2z 3l . SCHR Y BT 0GR B4 A TRk 2] S0,
R EpLEs Arizg IR (E S, FI ADDPG (Asynchronous DDPG) Fi Il AL
i NAE/ NS 55 b S e 2 B ) A, I 2Tz SR 1A S 8
PEATRRALE 2] AL, SR A3C Sk, HT ImageNet ETiii)IZ5155]1 ResNet [
2R AR 2 Actor-Critic (2%, K24 HIAHML A AR RGB G H AR E.
MR A, it =R T p s, R THRIRREA R 55 H Anrad
[A] R ] AI-THOR HEZE Y PASR TR, AIMTSE L T AN &2~ 7o i ity 25 Y
NS, XS R H ARG AT -

() BT RO A (b) FE T AL AT
&l 2-7: Bl N FALAY R T3 5t

2.4 KRDG;

AREEFENG THLES NS KT R sl T i e R HAELAS A B
MR, SR = SR PUER AR SR i B HNE LA . XA BRI
A RE A R A LR AN R R AR LRI AT A 4, R 2 T KRF I 45 S S0
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HESE. XL ST BRIEIE A T TR SR A A DA B — B2 U 5 T R HA
ST T FR . ARSCH = S IR BT T T B B A
ik, MRS T MR (7 3D SEVEIA B TSI BB ERY Actor-Critic FE%
HEAT T RAFRI






Bni Bl A2t 2] i sE

AT T BT R A AR AL T LR N AURA, BRI TR
Az ] SR E R H AR S ASTE TR XL SR
WA HEAT Ty /R Al R PSR RS, B3 A o ) i G I Y ) S ik A 2~
SRR ERIRA N AL A PRM A4 e inbar > -PRM BRI . 5 R
SHRAR P REH HEA TSR T o

3.1 Japiam Aty > LR

ARSI E ARG AT, R PRI B AR 25 IS i Bk 4
FEMA S, HAERL S Rt O 5 B i Py R AL O 1 SR B B B 1 A0
PR, ST EEAS AL IR AR 7 S SR AR A 4 SR R, R AR S AL R
P (Field of View, fRiFx FOV) ARl , 4xJm i) ootk 2 K g i ie
HREHAR > R 22 A Rl ] 1 AL

[ 7 R AL PRI A DR SRR A > MR B v B v e b
HOER I 2 D Y ST ARE EANSEN o < PA IS LI EZ SR I i s S
PAFLRZ SR S RE RO T R 48 2, o 21 i (A% R S AR SA B S vk, AE R
S, BB @R R SEA N, WA AISIIEA T, SEIT TR N
el bt DAL RN i A =R R v = E i B U N S R L e S R =
fez2) agent FESRMCRERIRAS I B (5 BT H B T2 S Mg sk ad A v, 5
AL, ISR AR U A AR R SRR 2011 . A58 Rl
AR, Jeie 2 7 4 RS A Y ik 2 SRl sh SR i A
AR AT RS, oAl ] DARS K AR GRS ] D R A

3.1.1 AR&\=EWit

Bl NSRS 23 18] 228 s P R B, 70 31 R s A Jeeadie ) i AL
e T SR

21
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%
ﬂ

22 $=% MEANBRILETDFRAR

o

N T HTHFANERE , BEARBA, A SO 1% s ot AR 1% (Light Detec-
tion and Ranging, fij#} LiDAR). #OGER Y THlas NERE. H 32 B AR 4
o )z AR IR R, BRI R EE A A S AR HUSUN
A VT AR R S I (B R B WS TR R IR IR) 22, W] DARSR 3 5 B ) 2 B A . B2k
WOLTR A AT DA AE W 4 NI R R S, 2 EB0tR RS A N = 4%
BN R R, ARSI A S Las NdE T A0, PRIt B 2o
Ik, ERERAEEN 360°, BRI @ HEAL BRI AL 360 EELE
T, R AT RO AR 4R s, A T KRG TR AL A -

O IRRIRANE3-17m . M 360 A~ B2 p &5 AR BOL A ny, MJE,
BOX e FER RO B IR Bl v A, S iP5, MIR—A> ne dEm . B
np =60 I, PADLER NSRS 1 0° Ty ), 53R 6° BEEURRT IS,
JEH A 60 ZEfa i L, Blan o MECAHOE R SR B MUBE . SORECA OGRS
R RN, AR BTy ) A By, U A B e A AR A I 7 {1
PR

Bl 3-1: JoEER AR

Plis NIz SRS R MR . AE =4ERgLas Nsh foed, B &
P = [py, py, po)" IAVLER ANTEZS B RO ALE, ) 3 x 3 BFEFEATALAS A4
B, HHNELE G 4 x 4 RZEHERE:, AIMTIFT =4E R FF RN . (HAE
AR SHAL S, S N R niEsh, He s > i
FEFPANREIREO I, WA AEAT o TH AR Z R A A R 28 iR (0
L, PAPLES AN A RIAEE R, BT R B ST AR 28, R TR
HEbR AR PO E (0, 0) R WAL ARIRLES o HLae A BE ) 24 i SO L v



3.1 BER&iL52 3T X 23

FIFEIE v, FR

ST S IRLZIRE S = [L, p, 0, vi,va]T, B 6° HESEEIFEIT, RS 23]
5= 64 Y

3.1.2 it

LSS R B EZSE] A = [v], v, ], FRBESRIBENR HFRLEE v) FH AR
BV, o V) € [“Viax s Vimax 1)y Vinax FRIKREHE, 24 v, NIEBE RIS
NI aiR%sh, NRBEERPER N8 v, € [~Viar a Vinax al s Vinax_a T8
KA, M v, MIEFERRYLEE NS, A ORI B T4
]

(ESSBHE AR R, HLI AL CE R A I R IE AT, PR
W K] F R BT I, B R A2 . (IR, AL
35 ) WU AR S T B 1 5 R W, T TR 2 A

VFZ 5Bk I ST R R S sl 25 (A1 BEAT B R AT AL i), (HAR SO vy
vy, ABGESAE . LA NI KRR Vinax AR ATRIE Vinax o BB R
E, RS BTEE B R EZS ], R ES ) T B B R R R 3 (L
B TAEE s sz, Blinst TR & 0.2m/s, e KA HE 1.0rad/s 1)
Bl blaf kUL, ATDAEER DA FgahE: sisk (ZR3KPE 0.2m/s, A Orad/s) .
JEIR (L BE-0.2m/s, UL Orad/s), Zfh (REFE Om/s, FEEEE 1.0rad/s), £
B (LRPH)E Om/s, fATEJE-1.0rad/s) %, RARCHUSHETXEE ENEEEGH
WFoT, (R SR O et T A [ SRR BUR AN BLUE R, B F
Rpese UG TERE 1w Z 1 o vk KBRS LS NPT, B AT R84 1Y)

i, SUREES T B E S E T RETCEE AT RS PLas N A, 2 e et
ENEATHERITR B e 2R E R L, SXRIR. REREE.S AR . EI3-2f
, TEAREEEZS AN AT 0] — S5, BB V25 R R A0 A2 5 il 37
o, HLBhEZE



24 $=F MBEASERIEDFRAR

(a) BRI A B AR (b) FELEZVEZS ] T A2
] 3-2: [l — YU 5518 B B 25 (F) AR S B VR 25 1) T B BR AR L

3.1.3 RITHBI

— UL SRR R, QR A S A AU 5 5 1 |
LT FRURNNZT-1 A5, A2 500 0, B 2 Wi 2 51 (Sparse
Reward) FXERT. BEITRZRIGRE R ZEFIL N R0 0, HNZRR iR AL
REBEVIRIEAH Y, AR R R IER T, S8y I Fknl s iz, &
BILIREA o 1E5 R IECAHVFZEX AL I g B R A gT, Ho—3¢
WFoE 2 K 4 )2/ 45#84 (Hierarchical Reinforcement Learning, fij#k HRL), HRL
SNAZ, FFRS IR BRI 22 A0 B, 24 58— Bl 1 1) 85 45
TR HIR, XAERRET [T agent 15257 2 A BRI )Y SREM o T XA i 2
Jili, 25— b fa] B S R N BT SRR, R SRS B I 2R B A S B 2
e

NABIT R FR 2 sy I AE 55 A — 3, RFREUHTE T IRE T
M0 R, R —E AR EARHE TR e R R, Rl AR ) A
Wesk. FESALETT, iGN SAUER AL, BT aTRERiLr ), >R
AN RF R

R, success
reward(Pnowa Pgoal) =R, * ||Pnow - Pgoal||2 move (3-1)
Rf fall

:T:t:;_l [:F‘ Pnow i’%ﬁ*ﬂ%&k%ﬁﬁ’fiﬁ, Pgoal %%églif_fI;{jE:? ||Pn0w _Pgoal||2 %‘%



3.1 BER3RILE 3T ALK 25

N2 HOL BN S RNCEREEES , Ry R NBIIA A (USRI, HIEH, R
PR NEER RS SR IR G 28, MOE, Ry Fonblds N ARSI
BT, IE. SRR RE HLE TR N B B2, B05 Rt & A4 T R
fit. Ry F1 Ry FEHIPLAF NBERSEBUL ST, BB |Pow — Pgoarll2 22K
PLas N ITRESEIL AR, Ry 51 SHLE NP R I8 2

RGRE P SR PUE e A 2RI RKSENT, Ry. Ris Ry HIEAK
BUELRFAE S8 PSR o

3.1.4 REEHE TERMSBEEE 5k

SAL 2 > S — MR RE A B EORIUR AL g ) ik, (HIoe @Ay HARE
WIRAEB S, HLas NATHREREAUN AR R DFERSG T, mTilds A
PFARZ | assliA BRI, G ETIRRR, B RAFER B AR . A
B AR A SRy B A SR P N S JRE B PR R R 1 S TR SRR SRR, AR A
DA Actor-Critic JYAHESR Ay Bk A 2 M SR AR S8R S Gt EAS 21 i) R B
PESRIS B ETA -

3.1.4.1 DPG Hik

1 72 VLSRG B9 (Deterministic Policy Gradient Algorithms, f&jFk DPG)
5T Actor-Critic HEZ2, [R]HF %) Actor-Critic S ¥ E AN il s E4T T ekt
T VSR S RE X T BE AL SR T 5 Y, BRI SR v ) SR BR U o (5, @) R
FERZS s FRAZME a BOMER, FIRMEIE Socamo(s,a) = 1, HRKATEE T
PURE mo BEATRAATENBINE, F AR B RS T N H AR g AT SR g 56 2 555 .
FEMLIE NS ] DA TR 4E BT R E SR A nd s b2z ST 45 v, (HT R 2e sl 1 =3 [H]
I, A RF 20 R L AN (R AT B RO R AR, A T i s E(E AR — A XA
MEHIE(E, SRR B E R R T RESEBUE. 1 % o 4 B (EE &
i, BEALYE SIS T BT A SR ORI T R B, B2t B R SR
K, FEAYERE IO .

W3 2NA T NSRS R, ShiEzsia) A Sh 4L s s ),
ANBEEE BB, BEMLE SRR B B ARG R, PRI, 5 AR e o B B
5. DPG FARYRZ Lo R B E TSRS 7o (s) = a, BEHLHE SRS G th— 23 1Y



26 F=F MBEALERIFE ] TR

RAMEAR, PSSR A0 R, i R PSR DUl o EL AR Py 3 4
H, BRSNS Er ST gL
RERMEAA BEHE) 0 E VKM, HAREIE N

Vol (mg) = /Pﬂ(s) Vo Q" (s,mg(s)) ds
S
= /p"(S) Vo mo(s) Vo Q" (S, a)|azry(s) ds (3-2)
S

= Es~p7r [VBFB(S) Va Qn(s’ a)la:ng(s)]

K321 p™(s) = [, 22y pr(s)p(s = '8, 70) ds FowRAMMT, Hof pi(s)
PR s EAPHRPGS IR, p(s — 5% 1, m) RAR MM « 1 ¢ W2 HIRES
s B s" PR . AREBCT REALPESRISBREE , 0 e VSRS B EAE S 25 8] 7o |
AHEE a = no(s) AOMHABBIAE, [RIINFERES SRR B LA SIE a 3E47 73K
-

DPG FYEW PAR A Actor-Critic (4514, 7 Critic XPARZSSNTEREILLL,
Critic /S B V-5 BEPL RIS B B Actor-Critic F1v 58 & —2, il
Critic 25 TR PRAG(E, BB TRy 1) EIEA TS0, 3-2r ik
SIEEER S SHIEER Qw, o T TDIRZE 6, =1 +yQ (141, a141) —Q(s1, ay)
DPG FVA SHCE RN -

01 =0, +aVy 770(51‘) Va Qw(st, at)la:ng(s)
(3-3)

W1 =W + @0, Vy, O (Se, ay)

XAE ) DPG Rk AR B 1947 o SR R it 1 H AR SR o [ —
A, Wla, =mo(s:), aren = mo(sa1) . JET MG (on-policy) DPG Hyk. X1k
A 53w (off-policy) DPG 553k, (i 155 —1>5KM% B(s) BEATREE, B(s) # ma(s),
— AR R AP IE SRE 7ro (s) LI —rE B, HLBRREN -

Vol () = / P (5) Vo 70(5) Ta Q7 (5, @)lamrs(ey ds
s (3-4)

= Es~p/” [Vgﬂ'g(s) Va Qﬂ(sa a)la:ng(s)]

S i) DPG A, a, AT KM A, am I HAREIE A, a, =



3.1 FRagfs S ALY 27

B(s0), arer = mo(se1), SECEPEREAT :

Ori1 =0 +aVomo(s;) Va Qu(se, at)|a=7r9(s)
(3-5)

Wil = W +@o; Vo, Qw(sz’ at)

3.1.4.2 DDPG Hk:

URBERf S PESEmEBE B (Deep Deterministic Policy Gradient, fij#x DDPG) &
52 DPG Bk 5IR 4G, DPG YA AA Actor-Critic 4514, DDPG H.ik
17y 3 MR 2 K H ) Actor A1 Critic #343 FIIR A M 24878 . Actor i H
g, Critic fHEURZSSIEM, PN TD wZEdEATI04L, R THH AR EATT Actor
(PSR, IR LEHRAERRREIE AP 2 M 2% 523 R TR BRI 2%, n] DAL EE
e AR AR A ) DA S - A T SE I s R SR LR RSy, AT 42 T i Al 2% 2] SR
AE

FAUGR oA 27 2] FYE DQN XHME G 3 A2 > 53k Q-Learning HYTCHE, [
TRMZ R %, DDPG 5yA1E DPG SR HLGl_Fab i 1 an T st :

1) R H bR M 28351 758 5

DDPG Bk B A PU M 2%, Actor-eval [ 2% Critic-eval (2%, Actor-target [¥]
2% . Critic-target ¥ %% . Actor-eval [ 28l Actor-target [ Z& (14544 . i A 1 & X
FHE, BATERX SRS AT, (H2 S8R A], Critic-eval [ 24 A1 Critic-target [ 4%
R, EATEHE R AT . Actor-eval 5 LK my(s), Actor-target [ 4%
E XK 1y (s), Critic-eval (2% 5€ LR O, (s, a) , Critic-target W25 & XN Qi (s, a),
H o, 0, w, o RN SEL

Actor-eval [ 28 HEATSRME I 28 S0 BB, FF AR RIS 21 Wil I 2R s, i i
TR a = mo(s,), Actor-target [ ARG IR BT — I ZPRES 5001
PN = 2B ZIE arn = mo(sen), ZEMEM TR EIR Q fH. MRILH
SETESRIEAR LR SEAR, Actor 1 H AR s RALRR SIS T ORI ERERS FEA5H0 Q
{E, HARKEECH N

J(0) = —% D 0u(siar) (3-6)
=

K3-611) Q. BI°A Critic-eval W24 1% %, Critic-eval 2% T8 24 1]
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"

24
53

o

WEBHER Q {H Qu(sr ar), T Critic-target 45 M TR HAx Q 1€, BIZ4H]
I ZIAY S P RS E — I ZPRASSIE Q ERIFTHNZA v, = 1 + ¥Qu (5141, @rat)
Critic-eval S IEATEM A SR E ST, N T RAURSSIE(ER %L, R 41T Q
{65 Hbr Q EMI T RN AR s AL

1 m
J(@) = — > (0 = Qulsia)? (3-7)
t=1

Actor-target ¥ 2 A1 Critic-target M 251 2% Actor-eval 2411 Critic-eval [
eI, PTRACR A DQN Hi S5 vk, B —a P EA A target
W2k i 5E R KIS E, AT PARE— 2D A T -

0'=10"+(1-1)0

(3-8)

w=10"+(1-7)w

3-8y 7 N HUE FCR /NI SR AR A, BUE 0.01 2 0.001 457, SR Ji] eval I
target PE R LR R R 2, REE S I e Zhad A, i F—3A A Critic
¥ 25 SRR BT Actor FIZSII SR, — 3 A BN Critic W25 HEFT 2401
OB, X E Actor SRS I REATRE , PRILRT RPN 2 2 — e 1Y
LA, SRR A S I SRR A R RIZ R B

2) RHIZR1A

FILET PG 53E, Actor-Critic FRIRCRA —EMHRTT, lid Critic f5iTH
—HLS, AR A — AR T — T, AN R — R R R 5
PEATHRT, SRS IR A A B — P S B AR A ] — IR TR L. &
W MO AR — L L HEAR BT e =< s, ap, 10, 5001 > FEAR/NEE 1
ZWGMM E = {er, e, .. en} T, F AR PR —PHM A S vt i EEHLI
BoE RN, T 25125

LR BRI B, O H BRIk R, (RN 2K, 1R
FUIRRCR (Rl Z 58 BT T AHSR UG A Z A e, BER A Sd
JERLE B B OLI 2 A REA L. SRS SRA T, v T BT Q H, FHE
P HII Z) Q 1H Qo (se, ar) PARAGEI T —I %] Q fH Qo (51415 @), MR
AWM T AR < s anr s >, FEARR TN Q {HSEER N
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Qg (Stsar) s N —WZIBNENN @it = 10o1a(s141), 70010 M wora 97 SN2
M2 Z40. BT PSS ROTRIC, R HIRn-5 Py SRS AN R, eIk e R iE
Py SSRGS, PR 2258 [ 2 S BT SRS A DAL SR AN A, X
AR RS RS AL 2 ST i R A3 1 4L DR S T SRR A TR SR B R
RRRRIEZ 230, X 2 DDPG 594 ] PAG | A 2256 [l o 2 i 2 «

3) BIABEHLEE

DDPG FR7E R AR A 6] Ornstein-Uhlenbeck (% OU) FEHLILAET]
ABEHLER , ZRELE AR R A2

dx, = 0(u — x;)dt + cdW (3-9)

, FE R A R AN

Xexar — X = 0( — x,_1) At + o AW (3-10)

A 3-OMA3-107 x, AL URRFE(E, p FORERIIE, 0 T o ARESL,
WONAEGIARR, AW 2B E] Rl ARG R, AW ~ N(0, Ar). AT i fr i
i, OU MRSl T R AL 55, [RDh OU Mg HM R, J5—
AR ZHT— R, AR x KTFIME p, K2IBUNES, R X, /)
TYE p, 22HHERATES . X 5PL8 Nz sl B A HIZel, dlas A—i
RME A B A5 - h I BUEL I iz 8, A TR ERENEE, &
FEZT ) B R/ N IR e T — 2 R TR, OU MRS 553X A BAT I P R T 4
WAL, TR R %07 ) BRI .

(a) 75 UM r (b) OU Wy

K] 3-3: OU M5 5 e s



“ F=F MBEARERILE TSR

3.1.5 Mgk

MR 45 BARLE BE IR, (HIBEE W 28 )2 B0 T L4 2 o 28 e Y
S, AT RS X B B O M A K LA AT, AR
WIS BB AR I/ N TS AR, Hlds NSRS RV RE, 1025 IR
WA, RS R R B R 25 251

R INTREERA E PERMS B ST, HLas N ANHY Actor IZEEIACHIRES s, i
R 2 ERIBIE a, Critic 28RN APIRES s FIBIAE a BUBEE, f A% O (s, a)
LA SRR, O AZEBE R, N T8 AR RE PR st s L, R
JRRB DR TR M 2R 25, AR SO Bl Aoy ) Bk BT TR - 10 4
FZEEER , P SHETR R GocH B R NAEE, -FOREA %R Actor
[ 265 R T AR, AnEI3-4aff .

S e[IIT]

(a) Actor [ 282547 72 (b) Critic 452577

Kl 3-4: 2845t R R R

Critic [JM£5 4544 5 Actor M ZEZ5FIML, B BB B B & 2 I
TCECEME, BT BNEANRS s, ERE-NREEIMAR—LE
WEE a, BRBRVERRIRT— 2t I &S o DR, FEOHEEIER AT —
2, WE3-4bfR.

2 3-1: R[] 9 2 M SR i E 4

WIZE5H 1| IZEEEH 2 | 245K 3 | IAE4H 4

s 2 1 128 128 256 256
Fadr 2 2 128 128 256 256
BREE3 128 - 256

sl 2 2 2 2
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3.2 A)yumftss >]-PRM LK

3.2.1 PRM

BLS AFE 0 FOV RS2, DL FBUBFSNY FL AR, LB AR T 224
S, B ELEE A , T S RO R B BRI A
MO ST S IO A, i, S RTHLAE A (P SbR L, AT PSR
G R FEHLAEAS A BAORERL . (5 RIS ) (Occupancy Grid Map) i
FIIFRBER R v A I U B 35 T AR o A B
R BB R A, T 5, S I Odd(s) = 2U=
SR B AR 5 To R R AR (8, VRN s R ER T A A
B, T BT AU . 5 R 0 i 2 SLAM g B
9, TEMRME .

SERHA S PR ], A b R AR R A ] R
ATV T B B, FE I S B K 2 B R, (I
dijkstra, A% IV, SCRHBRIVE S HALE A B IR (AT #557
V. HICAMRE) b, FEFRBERR. BERMIRCE 2RO R, R
e K. B 5 PRM (Probabilistic Roadmaps) 3 HALICRE , [iIRE AT
B EIOREAL , T DU R KT8 2 R AL J 4 P T 0 PR ML . PRM
RS R S RS AIRTRAY . 22 Wy Bl B L, ED A s, 2]
PETREURBEIEIEAT K ATANEGH, B PR R S B3 s A2
HARA R IR SR A, 2B, LD IO SR S P S I o
BT P B A R R 02 RS IR R (a5 30, B IR
AR SO R

10 LRGP, O SR RN g 3] ¢ BT, R A
Wi, HEd q Pl g, WIRRER qq' LNCHRERMY, WATk, K2 Rk, &
VBRI MRS, , S PRI A TE A P, 2 L B LA A5
5 g BT BLA Y, HLAE AR T RS 40 I AR B HOR ELR AT, HLAEA
15 q BEFLH P A T 2 B ECGE SRR R R I A
Wk, B S WSEIRBRE, BNV L o ad i Rk, 4]
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Algorithm 3.1 %X [&] #4) 7
Input: n: FEMEIHAGEEL, k: BRI, O BE A R ESE
Output: EME G = (V,E)
V<o
E—9o
while |V| < n do
repeat
q — Q "PHIFENLA
until g {3 B A Sl 5 R4
Ve<VuUg
end while
forallg € Vdo
Ny V15 q 5l iy k A gk i fide
for all ¢’ € N, do
if (¢.q") ¢ E H.q ¥ q’ "]ik then
E—EU(q.q)
end if
end for
end for

BAMAE W, —EHR T 2SEEE M AR . 75— B BERILE AR 1 75
R N AR RIRI IR EEAE g A IEAT R LRI Bk ¢, Rl
i 1 BE R RO P ATk, BATFRZIT N VT RES X A5 ik AR PRAIE
THEM AR, (HFT RS R IS TR B I T b

3.2.2  H& T R R A

DDPG 553k, Critic MZAPIRSSIEERREL O (s, a) FEATIUA, Q (HAYE X
NEHPRES s TORIENE a ZRAFH R Irnks:

+00
0x(s,a) :E,,[Z Y'rilso = s,a9 = a] (3-11)
=0

TEVe bR R, DL N ST 5 B0 S AE R I B] NS5 3, (R S B
ZATIr TR ICRE M, QN

n—1
Qr(s,a) = Ex[ ) 7' Frutlso = s, a0 = a] (3-12)
t=0

A3-13H ) n FoRist TR, Rl AU XL i H s, PRI HIUEA
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2ARNK . BT UL agent 2 FCEI—DIE(ERB Ry, TSI M 2120k
PFITER S Ry, SAUSIE G — R 1 = Ry, SMRMBLT L r = Ry,
PRI A0 A S I8 A RS AR 8 2 IO A DI ot A S 2R A B R SR 3T
RV WU, g NERL g MERPIRE sq BISIERESEBOR, W g 2 ¢’
AR AR B o

(@) Q E SHEHHY KA (b) Q A5 B BB/ A 7
&l 3-5: LB I AR S Z VA R 731

AR SRR R A R R A R B, X SE PR QE AT RAY A5 2 an & 3-55
IR, BT LR A 0 AR BOE DAL SR, PRI RI3-5asR T 2w R 4
FALE MR IR B E A AA bR, Q (EAE WAL R, Kl b &kt i 46 i 2Eh
R QE, ROl SR RMEE E) Q fE, W DAE BB F R B i1t
FECFAHIAN R G HE ER Q HAFTER BT A AR/ ME)S
13 -5 B AT R IR B Q (- FEsE N 2 . ARPEZHE 1% 1T PRM 14 @58
V&AW AT IA P E SRR A i R R (g, q7), FEVLREE m N g 7 E R
PLEEFFA RS 50, TEHISRBEITEZNNE agi = mo(sqi), %3137 P HRE,
BUE P(q,q"), WEIKEEBUE P, %5 P(q,9") < P, WHIAH g B ¢ W35, &
ATk, y

P(g.4) = >, Gsunan) (3-13)

E3-5 R R /N AR S 1Y Q (HIRAAE ALK MRS Q
ERET, Be B S ERBRET RIS v IR R E A ]Ik, X & PRM
AR BRI (R R TR IRES , A SR AR BRERES I A, RS i n] AR
o SERIUEUGRETI M, KRS DB EAE S B I )12 4T i S 1R Y
L, P RE T, AR (8] JCIRSE MRS ML RS 24 m BrfE s , AT
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MVRE B ¥, P DA 323X S8 30 1 52 1]

3.3 DiEIASE S

N T BAEA TR A iR ) AR LRI SBATERE . A TIEZ FhEREE T 24T
DrESEsy . BARRRYL, B, A TRIMIGRMICSOE R, FATsat il 7 —
ELM TGN e RN T B RS, WA mYHIE . BotEs . st
A AL SR, B R iR S R LRISEA R . AR FESECR
MU R LR Res, R4 A ikas~]-PRM &/l gy, &
AN T ARERAERR Y 5N AT KRB LR RCR

3.3.1 iliHbliFiasg

H Bl kb i tles M EIREEA Gazebo, V-REP, MuJoCo 4%, Gazebo &
THRALER AT ET-&, AR =R B, %0 E. %80 B
BE, CRrZMLAs AL, [l Gazebo AT I T S B2 M Sy bl de N4 5
4¢ (Robot Operating System, fij# ROS), ROS R&eiE M. w8 HAA IHERI I 4
HAX, Bz T A MRS . V-REP HAT SR i ) B G | 85
MBI K, TEREMR S, R A MiE, BA R EEMHE.
K%, {H V-REP #53FJ. MuJoCo & —k 2D/3D #las My EIEL, % &M
ETESRAOA, 72N AT OpenAl §siikag 2] V-4 Gym, fEFZibaE>)
WA MuJoCo W53 . VENBRARIIRIME S5 HIIT EIREE, Gazebo HATRK
L%, Gazebo fy FLTH 4N EI3-6 175 .

D7 ELIASE T DA I (R, (5 L A B AR ] S 1] T, 7 ELPASgE v B
(RN TA] -5 LS AU TR A FU(E. B SE85 5 4B, Gazebo TE 51l HLE R T AL ds

Nz AR, B0 E-& R 2 lds NS A gt i, 18
FTEERT, BAMFEFHRSOZ TG KB, K7 AP
T, REMES A2 i fie e U7 ELACR 2 T SRATLRE R FR A«

AL ST XN G A RO A 2R s, DT R RS 1g, ks
Frfla, HbASOHE T BT AR AN E RS, RE2GHA
TN AR -



3.3 BAMNEL KB N

K| 3-6: Gazebo ({4} EL AL i

L R 55— K EES, A, TR K A
BAE, FBPROEIONEERY), BES . BT FChCE
AR SRR, I R ok 2 4 B BE DL B A A 1 — 2 R e 4
PLEF NRSEIE BRI — N Z B BB, &5 AT IR 4 i A
FHZE AR, AILtse Al 3] B 0 DU 2R D

2. WOLERIR: B A1) B AROE R IR T 360° $14H, DATREMIRA T S
ATFRAFPIN L, BB R R e MR A R L S 2 o] 3 ik
o [AIN T RIS R RO CHOR L, B Tl A R

3. Jash B Gz s R T A, RIARIEAL AR N S il A ia 5l
ROV T I ZIM AL, Shrzsshit, AL ERMEE AN 0, 123
PUE T RE AT B, TR IHRF— Bt a] ¢ R A AR, PR B Ar it
], ARt T ARSI A T A . DI AR
Bl NJCiTE W7 ATE As, Fif%id A0 FIE, As M A0 Tl A 124 24
X Z G OISR, EMAZ TR, m Ol A a3 - 1457

I

x"=x+Ascos@
y =y+Assinf (3-14)
0 =6"+A0
4. AL S - oG AN EB3-T R, B R L XIS R, B
ORI, TAPIRESNFOEHR, Hrh R QRO AL A 4]
s, MRS ERTRE LSO Nz shiie, 200 R0 AT H bR L
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o

B, WO ORI AR SASERRY) , B ST, LA ARBIAS
bt TR Bl

Kl 3-7: T E ARG R AT IS

5. OpenAl Gym 3§ Z A HIAEL 5kt > -5 OpenAl Gym Z56, 4
SRR . K FHULS N5 (episode) , FHIK Kikizdh
54 (action) Jj—2 (step), ZH G EIBEA T HERIREEE
BRI 2E S BB 2], RS E R SR TG, PHIEREN
TCHb R .
P ESEEAE CPU 5 Intel Core i5-7500 i &ML Lizfr, L, A
A 0L T 0 L R AN 2R3 -2/, S LIE A, Gazebo ZEIZARFACE N RESFEE
BT R T RSN ox (FoREIIE B B AL 6 7)), BALIZREH T
o 5x, W AZSE B 05 B R AR E RIS .

% 3-2: TEARG M H A
BT BEALACHS | BLZUHER | BT 25
TSRS 625x 417x 137x
| AEHASEEY | 139x 109x 62x
3SR 126x 104x 57x

3.3.2 e

N T RAESMEE, BAER T 4 MiESR, X 4 DI =4 A0
EIANE3-87 , LB gmapping FYAPY BT E AL S # K (SLAM)
T 2 i L R TN . ROV S AR TR, PRAEWTRALEOR , AT &
WNE3-9FR. W35t 1 21355 4 Ml Nz shim BRI K, BRehg g 28 i



3.3 BAMNEL KB -

WK, BI=AEA TR, it 4 HTERR%ER. Hit4 T
MR By, FEIZRE B BREE P b i B U ORI s b J U™ SR, 4
RIAANTAERIE M AAEAR AT AR U L ES AL B FOV N5 B2 e
ESSSINLR

(@ %51 (6m*6m) (b) %52 (6m*6m) () ¥5 3 (8m*8m) (d) 375 4 (11m*11m)

& 3-8: Gazebo H1 = 4E LI 37 = s

“7i%ij -pjk;ﬁr

!

AR

(a) 5 1 HE (b) 75 2 HiE (c) 75t 3 HE (d) 75 4 HilE
K 3-9: SLI e dEHb A

o o O
e O O
9 0 @

SEI N2 TurtleBot3-Waffle [{HL45 AFEF{5 EL, TurtleBot3-Waffle 2 —
P Z TR BE IFENEE A, BEREUN, ARG, ek, fils 360°
BWOtERIE, FENBOCSE. Bl SEON AT B NR3-300R, HAE R E
REEE ST LB B ARG P BARN G . h T E s B kiR 2, S
R AR T B RS B AR R AR, Oy Tt R PHOG R s B, =454
SRR 2.5H2.

NZRFNI AR B, A5 e P P B AL RO A AL A 2 a5 RS H
PRARZS, FHAEE BE ] Y RS 2 L NI IR S R AN F R, 4L A
O BARCEIEEINT Sem BRI, HLds ARG I Ao A7) 7 A I R] 1
RGE A SRR -SSP 32 A8 b S Z A [A]
PP BT 500 YA MH . 255 %) DDPG SR R M [F—E S48 Rt
WSy =0.99, Y123/ batch size Bt 128, Actor 2:>] %4 0.0001, Critic
#2350y 0.001, ZEFEAIR/NA 1000000, eval M2 target [ 45 BT 2 4000]



N F=F MBEARERILE TSR

*3-3: IEZHNSHE ST AE

SR ZFH | PiEE
BOGE R 5Hz 5Hz
HotERR/UE | 0.2m 0.2m
BWOtHBE M | 3.5m 3.5m

R 0.26m/s | 0.2m/s
S NEERY 50 1.82rad/s | 1.0rad/s
2N 0.3m/s> | 0.3m/s?
ZpIBE S 2.5rad/s? | 2.5rad/s?
Pl 2 SR AAR 2.5Hz

BEHZE T =0.001, OUMESH 0 =0.15,0 = 0.01,Ar = 0.01, [6]HERRIYI
25 It RE AL 1

B[] — B RS BANINRINEL, B3 1 iy JUM A ] 9 25 451 10E
Frocss, A E SR RRCR . FESA 5 1 PSR R A
PIFEIT R34, INGRd AR R R AR A R BLAN K 3- 10, Bl
IR RFEEL, YA VIZRB Bl R R SR L. P LI 2 4540 3 TR ISR
BBARAFAIRI, (RIS GRd BRI SO FE ARG 2 7 ORIE, PR e 1 X 45 45
3 BEATHE T RIS

K 3-4 AN[FM AL T N ZRACR

PILEZERE 1 | 2510 2 | IEREhte 3 | 451 4
SHURIE | 94.0% 93.0% 95.8% 95.2%
EIFET 12.94s 13.23s 12.70s 13.23s
YN 53 i 60fps 50fps 55fps 45fps

=

VRIS RO W I FR R SOE L . SUERE, R B R S
WIBUEEAT 0. RPATE o =8 AU IRl B H AR i ) 45
T, SMRIMAET, K3-19 Ry R Ry NRFRBINSE. @M EER
PATSROREE, R3-SRy = BA B SEE T, BB
eSS 2 PRI R B INER3-6 R, BASEAET 5 2 il ghid Rk
PR PG S A 3 - 11

ISP | e 4IRS, TEraSBA G B AR
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39

5
-10
A5 F
~ £
— H
; I network structl
© 90 | : = = =network struct2
: g network struct3
¥ B network struct4
. s 000000000000
_75 1 1 1 1
0 0.5 1 1.5 2

timesteps x10©
[l 3-10: N[l 28 2541 1 1 et
% 3-5: KRR HSHUE

SR | BHA L | B2 | BHAL3
R, 20 20 20
R -0.3 -0.8 -0.01
R, -20 -20 -20

TR, RTS8 3 FERSEHER D RESHRIRLE S
HOBURAN TR SR, I TR SRS R 40 R, BB H R R R B IR 4 N B A RSt
FAEA], S SHlg NP EA A S, HBAA 2 trad K i) 2511 5 2L
e N IR R B, PUNAE R BRAT . SRR PRIE S HRAT 55
BAEME P — P 2 B BRI E R ry s, RIS E

WCAETT Ry 0 5 BT T ST o A ) S5 501 5 B B 2

SSRGS Ry BCEAY H AR SR MO s SR T8, Al ki 5
LA AN, (FRSHA 3 s R MEETTAT FLI TR A5 Ry, DK, SEWLas AL
SO IRFE AR A BGE S PR 1, 2 REHIA TR, DRI ST AT, 1L

RN IERF LD, oA E3- TR RIS SGHE B2 1 1F O
% 3-6: KASHC AR

A | SHHUL2 | SHHUL3
S R 93.6% | 550% | 91.2%
SR S | 14.28s | 10.30s | 15.80s
W S8 7.0% 105 | 6.8 x 10° | 13.8 x 10°




40 FH=F MBEALERILT ST FMART

20
0 [ /essssssssssansssnnnsnnsssnnnn s
20 [T
ii
B 40 I
< L.'
2|
-60 i
i
!
-80
L reward param1
I
N . reward param2
-100 reward param3
0 05 1 15 2

timesteps x10°

Bl 3-11: AR B R AT B YIZRAR o0

HRRAF RL Jm ALk 5 DWA SBIABEF TR A R3-T/R THEA A 37
SRR ZhASRRFYI G OL T, ASTERR 10 Jmy s Al 27 > LRI SR 15 BT R AR
AT DWA FIAVEREXS . MR R B UK, Jailsn by~ ik
AIRICR L DWA BRI MSEhr il SALs T AIRCR K E . RL Rkl C 46
AL AL R ZROEI M, R P32 M3 3 TRYBCIRIL R 1 hRIf,
72 PR X A3 A B 1 2 AL AE DA T I B Al i s 1, ShaS k)
WAHEPLE A, fHRAER A Y, SECRAURIT.

% 3-T: SRR 5E RL REHL) - SATUMEh 3 5 DWA SRR H

ESERYEE [0 1A |3
RL 99.5% | 98.1% | 94.1%
54|
DWA 96.7% | 96.2% | 93.5%
RL 84.6% | 80.8% | 72.5%
W2
DWA 65.5% | 61.0% | 51.8%
RL 61.8% | 59.6% | 56.6%
W53
DWA 41.3% | 39.0% | 35.4%

S DWA BRAESOE I EVET 10 UORKE, FEAEE EVET 20 UOREE,
i BREOR A obstacle cost [ERFY) i Hr A1 goal cost H AR, FFBTT 1 X R
AR AWML B

cost =0.2 x obstacle_cost +0.5 * goal_cost (3-15)
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B NORAE Lk Y5 4 ik Tl k=% > -PRM & R BvA SR IE . XI5 4 1)
HulE N7 PRM, [E3-1270 NS A7 73 50 ELEERRAS . 15 1) RS EL R ZUR 25 1Y
BRI FERCR, SHTEREINR3-8 N . 57 PRM INIRCE k fE 12, TiIRJHRES I
BEAT 20 V5, R 85% NIHEATHR4 . PRM 70 S RATF R AR T8 D
P, TR, SR ETE R R A, ARMIESE TR, A
LA IR LS AN U BEIEA TR 4R, SR PR ) R T & - B PRI RIS B
K, B m W 2 5 S B R TR T TR RS 2 A s I [ AN

(a) HIERL, (b) jIAIEeLE (c) TH PRI,
B 3-12: AN [) J 4 2 1) 65 A el e

M PRM FIEHIRE , [R5 T B HGER A I R R gt , T5IIBeas

AT e B, PRI RSOERES WIS o — IR, 3% 19 PRTFA  E  ALR He 21 g

Jt i B e, P RS e e LAY, X523 -8 F P FEI R —

o SHIEERETHIL, ([HRBUREEL T PRM Fft S E00 A 8, HigTt

TNOESE ;. SUFFBCESATEL , (R R BIPRE Y R 1 8 R N AT 1 B Y
2 3-8 N[l 7 YA Y B I e AR

ik FEIEIFERT S ILEIES ST IRERT
EERL | 308 | BoE 92.5%/ A 53.0% 74.1s
PilgE | 604 4 85.0% 68.0s
{HREURS: | 641 B 91.6% 72.8s

B3 1330 R T {H R B 25 87 1 1 ) L ROR , o E|3-13ah ROS ~F-
& Turtlebot A 441 11 house 7Rl 5:, B M EH LA 140 45, EI3-13b4
Deutsches Museum F{HESE B K375, 1M R IEA 2602 4~ 5. A B (o b

©https://google-cartographer-ros.readthedocs.io/en/latest/data.html
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42 $=% MEANBRILETDFRAR

BTG, P O AAE Al AT DX R I IR T, R 5 SO G PR S 2 i
PLEs NALE, AN ERSMER, LESFNERMNS BN EREE, £
@ RO R AR ERRRT R AR, T, AR S, AR A BRI
ROWZ T AR AR, A sRAL S ST SRR LR S B AR Tz S .

(a) house 5+ (41m*23m) (b) Deutsches Museum 35t (70m*50m )

[l 3-13: KRR S0 FAUR R

3.4 KRRDG;

A f YRR L NS0 I AL 73 J2= A 3 7 hg JRy s A A 4 R A
R R SR AT Sy R AR s S AR AR, R TR S ] SRS AR
EREBETT, AT A JRy s L7 R i 2] i AN JCHB B R RF Ik o RIS, SRy 1 R 42
SRS B A A R R, AT DDPG 5 kit %k, dEfiiie v DDPG 55
TR L SEBURIDE TS o LU, SR BT R AO MR o I [ vk RRAE ool D4 =
RIS RN T RIS, O TR W R P h A . FEI R DR,
PR TR T R BN IR ES T3k, AR BRI 18] A ST ] BB P o i
a1 AL 7 FOER SR LR AT BRI IR, A T HOIER] T RATR R R
ABRIHI PRI TR T RE -
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gL

TEA =B, FATERBOT T —EE T T AL Nk, 207
IR RR AL A B i B i ) 2 R KEE /LR, AR SIS
FLEELPE, BRI X ] S 5T R R B MR F) . (HU T ot fbay ) SR
FAE—EME G I, RIRTCIRN I ghad A b B0 Bl i s, i
PRI AU REZ 2% 0. Sk, AE AT TR (et ) Bz AL R T Ty
5, RS ETR T, SE T BA A RLR S 23 [ A2l 11 25 8] 1 AN R 4T 55 a0k
FrRmsE R EIL, HIEATPLEs NSRS AT o

o e e S MURIE R W e

4.1 HEHAL: IRz ALE

Plasd R —MRKIBIEAR R, K RS RN H 2 RIa 45 Em—
FHVNGESS, AU B AN Zh— A, BRI ZR ks _E REBUS B b
AR R . Mlgssy I BRIz AL e BRI 7 R A BRI G s, FEIIZRIY]
[ A S B i BSdi B RE A R . — DBz AL PR RE SR, BLHT B T 4
FAT T RS AR E E R, D E T R — MU p A R, B4
BEAF R o T RERS IS BANA . Rz AV RE S, DR AR )L A it
AT

WA RV Z Bl ) BRI MERE, AniE4- 1A R, B R SRR
MgtEA BRI R, B BRI BRI 1, RIS, SRl ER
P TCTEAR S AT [R] 2341 B8 HeAd s B 5 0

B 4-1: BRI A . RIE A G 2 ]

S ZHgeE T I ik —kE, RS AL T R P A Y ) A i ST Y

43



“ FmE BRI EBHR

(L5 B RRA S TR T SR, —/ MDP HLRAS. SifE. SR mE. %
PR, B E =< S, A, P,R >, % agent f£—41 MDP_L-iF{7I%, &b
HIIE MDP I 928 LR AR e PR A2 ) LR 012 L MERE . V1454 F 9 MDP
AR MDP £77E 125 SR 3 A 2 50 2 A P RE TG D kR T2 95 P2, T g
TAERIZE A
1. MDP EA MRS R, (RASH TR . IS A S b,
A T HAFRE P ROHLA A A FERISRBE | e Bk 1 e 27
AL, (A A
2. MDP {URASA FHI, (FEER AR . A UL A SERE At e
i, HCSR (GRS R A B S R RS ) A A,
PRUGRE RS RS, LRI — A, TS AT
3. MDP {4 TR, {ELEA AR I NZEE A, 1T DA BT A )
RN ATE T4 57T, RIEshIE ANGEAT2s RS, BURBRHIM
A A, BT R B DB A A S IB
OpenAl il {F T4 4 CoinRun [ FREE, WAL S Bl RIIT-4
EBRER, MRS AR T, AN T DA TC IR A AR R A e, B
PR AT . TEVAPR TSR, MR A I
YRS, DRI LS S BRI %k LTI 2 R A R b .
FlA-2 SR AR, B UISRAE b S5 RO, B2 ) BEVAAE VIS4 I
BB | T2 A MR B B | DRI 16000 426 FHEATUI: , 1377
FETH9 5 T T I e e A B S B E Y| BRI
BT, WA S AR B L
Ny THIVRTRSRZ AL ERE 0T DA T I4E ) MDP $clit, BIA L
TR TR AR T, (E0T DA C A (BB ArfE— RN,
KR FERBRIZ AL PEfE
IR, B (o (e L T iy L B A T, T DT T3
fe25] . TELEST S L, E S B X B H58 . [4 T J1%5 DDPG
FERRIRTS AR OU Wiy, 776 7T DATE F BRI ST I A BEHLILMEFS . B3
i O TR ARIHL AR B0 B b AR Tok RS | TR
WA SRR, T AR (2 AR . R BBV o M . [ T
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(@) WEARIAEE (b) SLHEEER
& 4-2: CoinRun _| 147z b Pk RE 5286

AR IR R EAT RO, R R R 3 LS8 S5t A RO

4.2 GRELMALSE IR IR

4.2.1 R IHRALE )G

JUAE I R A > B B2 A P RE T DA RSS2 R0 1Y 5 1)1 2 MDP AL
[ HoAth MDP, {HAIRA)IZRE) MDP 5308 MDP 2553 K, BIHAREZSA) Hh4%
UERHR N E AR B AS . BELRF IO R X AR A A, SR ARAS 2 ] (1 4 JEE
KA, SRR S TA] A RS EAR ToiR A ZEEEA T RE A h . R 00
T, A TEMNHTH MDP, SREHFERARRIHSE, EHIZGHS . A
BRI R ZAE S I T RISR T, T B S 3 5 P LA N S AR oR A
ORI, ST R A S A e . R, A5 AR 7], 1Tl
i NSz ] SEAE 2 S U R i BBk, SR THIIZRRCR

RS~ 2 — U LR 2 ST B ek, HE H AR R R AT 55 ik |
o > BRI RN P AN [ AEAH 9 A ) gl g S5 b, AT A AE BT A 55 5
Gt b I ATENKIT RIS 24 BRI REA R A, i DABAE R A7
TEM AR HAMAT 55 B2 ], RIG R B 2 2R RIR o — e Ty U 245
AT, AT OCAE AN PR Y27 2] R o AR RS 2 H AR XA A, AT
DA AR S BI RS . BTRERERS . BT SHER . BT RANEHE.
AR RO 28 ) 28 AR JEE 27 ST YRR 2 I WF I AR, W] DAY Ry M 45 TR i RS
> WA BE TR ) L SR BE I AL A > RN e i R LT R 2 2] PO
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DREZ SR AL 2 2] SN R AR R SR, (BAEAR Z AL g AP HIT 55 ohoR S
GRREAR BT B, B2 3 55 R e DR AR B BRAR O R . UL m] PASTA
A, RTHEA R RCR MR I Gt B PR R IR i A2 > R
SFAITRE G, TR ) SRS TR TS DTS, R AR Y

4.2.2 LTI — Bk ISkt

FEPLAS NS5 B ML KPR AR < S, A, PR >, SR H AR5
AT, T LS A B B E A UL S H R, R s 1A
8] A WJLAARANAERY, WRARES 2SI SRR P A . R R 5
SAHHR, [ TRBMRE SRR, RENTT, Ao TRETRE
S [RIBRS SR Ao ST iR RS ik, HEA AR AN 4-3 s

[ 4-3: IRASZ WL

BBl g3 51 MDP 2 E” =< 8", A, P', R’ >, F£i% MDP "} 221550
B MDP )y E =< S,A,P,R >, BiT—HiMT G : S - 8, XH G [H
FER A Mg HTE . X1 ¢ 2SR 5., 0T G A ST 31
IOIUSi

a; = n(G(s1)) (4-1)

A1y @, 5 ¢ 2R TEREA T R ST, DB e B 7 500 Bt
sy RAS FIIEIE. ORI G AT, M R A A0
RS R RS BRI . G OISR (s, s), XA
T B A TALEE, RS A A0S (L TE i N Rl 5 2 Bt i e A
3 T

TR R A, A5 AL TAER SR (S, 8)) 2230t G 13T
752533777 CycleGAN'T S LA E B 3F— BT . CycleGAN 2t PR
BT RS AE RS — FIIT A2 ST 0k, REOS SEBL IR PRLIR 0 (X, Y) G
HEREAHOMI 64, CycleGAN By K BUEAR I EIA-4 75 . Bk X bk, ¥ o H 7
i, (A TSR F AR ORE A x ~ X,y ~ ¥, BRI G X — ¥ AR
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g F oY — X, AR x il G WU B ARt x' = G(x), [ x" 3Gl F gk
SR £ = F(x'), BB G, F BBSSCEE x = x7, XF y @ —FEm . ARYE
X2, T AR AR AEA R AL, R L1 A7 CycleGAN
HIPEFR—E# 2% (Cycle Consistency Loss ), tBFRE #4512k (Reconstruction Error):

Lee (G, F,X,Y) = E, x[IF(G(x)) - xI|}]
(4-2)

Lee (G F,X,Y) = Eyy [IG(F(y)) = ylli]

CycleGAN J2& 5T BT I 4% ( Generative Adversarial Networks , f#x GAN )18
W, BT CycleGAN HyAE g X F Y, AWATTHA X B )1 5188 Dx F
Dy, H5lgs Dx BYHANIEIEL X rf i) B SEREARTE A s F AR B R e
A, FIRIES H R BRI AR A X A0, SR O F0 1 i 3 2Rt 2k
oy 7 LA R e A

Ly (F,Dx,X,Y) = Ecx[logDx(x)] + Ey.y[log(1 — Dx(F(y)))] 4-3)

-Ed_y(G’ DY’ X’ Y) = Ey~Y [logDY(y)] + Ex~X [log(l - DY(G(X)))]

FERETFUR0AS A e 2 A SR A RS AT RE TS, Bl (1) s
i 1) R B ARG DRI N LSRR A, 1R BN -

£, (G, Dy, X) = E, x[log Dy (G(x))]
(4-4)

L y(F,Dx.Y) = Ey.y[log Dx(F(y))]

GAN AR YA e U Bl R A AT R, Pl AWl 2k, 2K AR
FEASHIRE 3R Y R, 2R s AR P R OR, 2R X AR (4 A
Ao RA-35 4-4W 2, H/ME—F IR R0E R —F . LA
SHGE RS, Bk R AL

~£G(G, F, Dx, Dy, X, Y) :~£g,x(G’ Dy, X) + Lg,y(F’ Dx, Y)+
Lee (G, F.X,Y) + Lec (G, F,X,Y) (4-5)

~£D(G9F’ DX’ DY’ X9Y) :~£d_x(F,DXaX’Y) +~£d_y(G9DY9X’Y)
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Bl 4-4: JEER— Sk

FEBIEER—E Ak, Al PASE IR BRI H sk a8 a2 2] - 45
B —SA S, Rontesr T i SR AL Bt i 4-S s i BT 2R — 20
WSR2 TR, HoA si, s, G, F ST 34U CycleGAN &4y, MIMA
B I Go S S A4S MDP BPRESZS ], IRESHEA AT DABR I = 2
HMIRER RIS REIREL, XFF DDPG 53k, 2 [MIohic sk 1 KR A B A
e =< 1, ar e, v >, ATABCH R s, AR ER A XS S HYALAEL

)

G
~—
.S. t< /ﬁ>'§talt

F
~—

B 4-5: BT — B R s (]

4.3 b ARk A IR S

T4 20N TR RS T Y sRAL S ST RIS IE RS TR AR A Rk
S RBARRY BRI B A e 4, 5 AL STl R — R HAR R < s ar s >
ARSI, Sl BT AN -6 B /R (SRS I AR HE AL, b P M S SR e AL 2K
Ko

P 4-6ZEMFAU—A 3R ST AL B FEAREE R, 5, WA ASRIGIIRES ) JRAs
R AR SRt 30 @, ol — S ERSREER (Transfer Unit) it . ERERIER
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--"

S’ Forward §r
Transfer t Model t+1
Unit T l

G F
\\\ X ¥
t a St+1 \\\ St+l o
\tjf 7 Diff
S a N

t t t+1

Pl 4-6: BT BL FAN IR 23 [ R TSR TR P

S

ARG IER IR L, A ISR ST BB, SR B e i 4K
s oA, HPRESZSRIBR S S G FON HARE R IR 57, FECA K 7
BRAF LTI ZI A TRIEIAE @, o 22 2T Br B A TS 220 AR s, FISRAT B4 a
JEH T —WZPRZS sp0r, BT PAREETIALRY (Forward Model) 456 JE3F—2
PR B A IRIEIEA TS

4.3.1 WA

N TP ER, H T AR IR TTEAL, B &4-6111) Forward
Model, H}FIRASTMAEZEL FM 454 7 MDP fRRAES ) FISRRE 1, SHZRIE TRy
NI ZPRAS HA TSI -

8., =FM(s|, ) (4-6)

S AL 27 ST 55 OB S PRBE A AC L, I RS T A A i 2 ) — IR
A E IR PR RR S DHURS HI  BAEE LR 5

VP BESE AR A 5 I RS T S (LY A, World Model ™ H 2873
G ih s A1l MDN-RNN S2HL 726 RARY 2549, e WK — Wi R 0 2 Ak 2] 1
HMERARZ S AT agent BRI A A, AT S BRAE G BR5E rh b4 52 BRI
%, IPRFX— RIS EERL B HSEMREIIRICR , Hlas N bss > SRR 25 ) A
XN, AN EAR AT — R TR 20 A5 . SRRl AT Rl A ) B
THF AR O IR RAL 2 ST ERR O oh BT I 20T RERIR S A i agent
PRI AR, DAL i a0y, GKGE agent [REFTALAYIRASEE, 1k
PITERMEAY, BT TN AR . RS [ i 4 PAROIR S S T
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St BRI TR AL R O FE R AL 25 [R] P A T 30

FEARSCHT, I ARSI -5 CycleGAN &6y, CycleGAN fE2 KT HIE,
— R MO EUIR R KA E R, O T AR ER, FERUIRES 28] E
PEATHEN o [RB, Ey/RAI SRR AL & T AR s AL P, B E RS
PEXTE T — A REH AT E , FEVLE ANSHP, s T HLEs s BRI R A
HRHAERS W, ABEMESEANIE, R AT & A D7 S 2R
PEATEI, HBIARE (57 o s7_po 57) BACHBTHRTZPRES 57 1FA I AR
TS 2R g A -

8, = FM(S) iy Si_y, S1|TT) 4-7)

t+1

;F]J}ﬁ&_‘f’_‘iiﬁg‘ S1,A15 82, A2y eees S5 Apy Sta15 Artl i#_ﬁ?ﬁ”éf& D/( Ll %ﬁ*@%*ﬁ%
PR
Lru(S) =

§r = sl (4-8)

4.3.2 YWpWRy

PRSI LS 1 TN — RS REAI T, A0SR L AR A T2l 2k
Jias G R RAS s, WifsE] 7 MDP s gt — A5 3] T AR — AR
&8, HEWAS S, K5 FREH MDP fRIRESSRF, e 2] 7
55 PR — IR 8p0r, FEREBIRERIARELTE 500 RITEREBATIALZ
—, DA AT DA T S (B AR S (A T PP . P B 2E (One-Step

Reconstruction Error, f#jFE OSR):

L, (G, F) = ||F(FM(G(s)|n)) - s/,

| (4-9)

FAP A RZE R AT G N F IEIERIREER, B IBS b~ 1
TP REIR, e PdE BRI, —@ e BT G R F
SPRCR AT 2, AR AR AR B Es EARVE D, Wi R e e Zhad
FEF IR, TREXECAIT A e i BAARCR . EAER RN A Hda it
FrEPrGr, B MR AR X AR R B A AR CR B i
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R, BT HOP EA BRI g 45 5% e ECH

‘L(G’FaDX7DYaX9Y) ZLG(G,F,DX,DY,X,Y)'i'
LD(Ga FaDXaDY7X7Y)+ (4_10)

‘LOST’ (G7 F)

AL TRA R D AR AN SR A4 LR -

Algorithm 4.1 % E 2B

Input: Env: ¥EE, Env': [HEE, n: Env’ P GERHISERG, n: ISR
g, step: YWEHLE, k: HTHNFH RS %L
Output: RS [HYS G : S — §
D«—@
BEATLRI LR AT P TUAELAL FM 244555
while |S’| < n do
WG Env’, SRISARES 50 < so
repeat
TE Env' HHATEIE a « n(s,)
S — Env' PIRYERIRAS
P ) k RS MARE] s
TRIRES D « S'U s’
KA Lry (s, 800) VZRB P AINELRS FM
S € Sr+1
until s, HZ& RS

end while
WEALRI IR AT RSB G, F, Dx, Dy B 4S5k
i<—0
while i < steps do
WG Env, SRR 5o
repeat
e Env FHATNE a « trans fer_unit(s)
Sie1 < Env R4 ERIRES
BEALRFE s, € D
%Hﬂ LG’ LD iT% Ga F’ DX’DY T:E (St,S;) J:Hgﬁgg vJgen
%Hﬂ Losr i’T%‘ G,F’ DX7DY ;[,i (St’ St+1) LH"J*%E vJosr
%Hﬂ vJgen + vJgen E%ﬁ G,F’ DX’DY H/‘Jlx—x‘lé%*ﬂi
Sr € Sr+1
il—i+1

until s, HAZ PIRES

end while
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4.4 5P

4.4.1 SFAORMEITZALYERE

N T PHEYFEYIZE MDP SO RERS I RIIZALRE ST, FRNZRI A3 5=
BT, SHSIRMFEA- 1R, Rhi 1 552, 35 3 Fon Uk f—
R TN NGk, 1L 2 REFR G h R ST IR T e B HAE
W L s 2 Pks, R e = h it T AL, 1. 2.0 3IREF R =A

TR -

# 4-1: §5Ei1% MDP [iZ {LK 2L

SR e |
%
el 96.2% | 76.8% | 39.2%
a2 94.8% | 88.8% | 44.0%
:%,-?\ 93.4% | 85.4% | 58.8%
2RE 96.0% | 88.6% | 55.0%
1. 2. 31R& | 95.8% | 87.8% | 57.6%

-1, A 1. 2R FPIIZGRBERR MER 355 1 8375t 2
GRRIRARL, FERA IR 5 3 h A S ryiz AL 3R B, IEFAP eI 2k MDP %L
BEME IR A Az AL AE Sy . [IRE, DA 1. 20 3 IRA IR SENE SRS h = ok &
HEIEAT A, eSS 1 AR UIIGRA SRS AE S 57 1 AR P B Sl sl s R E
i THEEELL 0.4%, (HAEH AR I R PEREAR 22, A3 5 2 a3
735 11.0% A1 18.4%, X2 p AL &2, sifbs ) SRmsAE Il g3 =
seor Had BENGs, PASCT FACAE 7345 1 i R LA IR D0 A I 0 SR, i 240
TR PG DL RS AR BE Sy, R AE I GRS T BUS e AP BE X R
RISAE— BRI LRGN . SRS A DR BAE 1 U 5 2 MY
eSS 3 HNZRRI MG, SEA S 2 TP ZRI SRR 55 P37 5 R B E 2
& 1.0% 1 13.6%, {UAE 5 3 G SRIEAE S P37 5 rp R 2R A 10.4%
M 2.4%, M52, W53 MEMMEER R 1R, BIEPAS R RE
EU B TR R 52 5 /)N
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s Ak ) AR T, ARSI AR L3I — R B BTG RS AT DASE 58 SR Y 72
PRtEfE, FRd-2080d SR R AL R iz AL Ve RE . SC T, B eAEsE 4
HER RO L IR A LR A B ARz SR EEAT ISR, HR e R s B i —4E
FIIIEA 0. J5 200 0.05 WY The s, AROVAL AR TS, FERE— I 20 il 4
Al AR —4EER B INII(EN 0. Jr220 0.01 iy milirs , #rohizsh
Wers. IR 1L 20RA, Mpsondgs 3, R GRUEIN 58 AT
MRS Y EAR IR . STRCRXT L AnZe4-2F7 , b 5 iR e Il it AR
7R T f e A I R AN AR P SRS, AT RGP sh & Semaok 17—
Pz AP RE .

% A-2: FEPLILBh Iz (LR
RS | sl | SR | P RERT
57.6% 20.15s
58.6% 20.04s

Ja
¥
H 62.8% | 21.79s
f 64.0% | 19.94s

A W N =
o o 2 oA

4.4.2 ERLRMER;ZR0GLE it it 520

PADDPG. DQN ARG 3027 > A e S kAL, FETT AR 25
AL ER R 18 2 I REAR DA SE A0 FEAN I, IR REAS TR SRR I T
KEIRFEF R, % Pendulum {145 F1 DDPG 55 SEPURIGERS , Bk FiRiERS
BRI AR 0 . Pendulum S P38 o ML SRR s, anfal4-78 7R
AR E, PR E I S R e T A A £ s
IFEFE ST, ATDATE R BB AL, % R ALK I Ta] PR 33 ] BRI L.

& 4-7: Pendulum f£4%
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P ) U i ] DDPG By Tl fb 24301125, 24 100 485558 iP5
200 A~ R]ERAL N AR T-120.0 BB ZEBT, FTRATAH SIS 2) T e, sk
) SRS 2558 U, K Pendulum i) BEERSE 24001 1) FE ) B EE ¢ thERIAIY
10.0 B 1.63, K g = 10.0 FIAEEHUN IHEREE , ¢ = 1.63 HUFRSEHL M HT AL, IH
I P I SRS AT I h R BE R g, A RBHUAR-655.7 M-I 3 ¥ . HeE R
BUHATEFINGRIERS, LI R HARESEINEL b =5, IHABEMHEASE S R
1) DDPG Sl Zhid AR h Y 2 g kEAR Tt [S7] = 20000, ARSI R AR A
NEEEM MLP MZ Mgk, HAFRSERA 128 MEIT. E4-8R TN
RGO RNZSOR, il 2 3R U R 72 b SR UG i 2 B (E 5 R A
MK F&, Hrp ddpg with memory A EHIGHALRYIAERCER , N T HT XS
o, ZUNZR 2w T T EE 2 I A ALY 20000 WRFHALREE, transfer £k 5%
NIERERIBR, A LA HEISAE 18000 YREE T ok T A, 1 ST 4T
32000 JORAE R (MEFERENLRFER) o WARATEE NI TREYLR AR AR TS
Zega A, WYIZREE R AN K 4-8 1) ddpg without memory Fir7is, SEVAA BEYCEL
$| Pendulum [7] AR BTEER P2 H . A LIRS SRmE AT T8 F 2 B AR A b 1Y
A S B ERAEM, A RS KW YN 25 SR 2 1 [7] B m] DAk S Bt AL
RFEIRE, 5 I B HRUS-5 SR AR 24 R o

-200 r
-400 r

-600 r

- B
i
g 800 [
2 !
-1000 f
i
-1200 L'.'
i — ddpg with memory
-1400 ¢ |=e=e= ddpg without memory
\l transfer

-1600 ' ' !
0 2 4 6
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& 4-8: Pendulum {T: 55 R AEEX] HE
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4.4.3 TBRIBAERTBILE] L2l

AT BT AR S SR A s ) UL, BCE P AT AR S TSR
1Y R NAE RE U 5% N GRA5 2 19 (] — R Al o > MR SRS AR D IH SR, S2
BB

L s 2R Plas ARINRLZAT R F 2. AT e & 2 El

e NHIRSBIEER AL AR, T T R RGR LA NRAL, ik
SR FEOEH SN . HILREIZSERI S, H LS Ar
REGEE Vinax_ MEKAELL Vinax_o HIF3E A 0.2m/s F1 1.0rad/s 22
A 0.15m/s A1 0.75rad/s.

2. WOt E R S XS Turtlebot3-Waffle /)3t 8 kA5 H 1]
Pral, PREACU R )50 HLS-LFCD2 SOt iR ik 2R i .t
UK RPLIDAR-A2 #0EE 8, OGRS H S R 3-3 111 3.5m
AR 12.0m, [R]IRAEOERARE ] B i AR Y 6° A8 8T 5°, Otk AL
PEIHESE ny th 60 2712 72,

3. (G EIGAR I 5 AL AR DS AN A AP ARG h BA A [l R S8 i
7=, KRKHIZ T FAARGRINERE, NI EA R0 BRSO 37 5
26 35 A E WA FLREE H SRS TE RS 22 Gazebo {5 FLAS

4. REAEIBLSESA St U7 EERGE P ISR SR e 2 H B2 Y T 55 B3
srf, B E Y SO M SR SO, R R S
TSR AR S HORE s 28, (HME RS 7 11 2 58 AN Y«
s M E4-9s, 3K/ 16m*10m.,

Pl 4-9: IR R LA T2 A% 1) B SR 5
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# 4-30 JEBsiRA s > LRI B R R

Mg E R IEH
BEHSHASE | 70.45% | 84.7% | 32000(1.25%)

SR 5

HOLERIRAS - 85.1% | 14000(0.55%)
B EMIEASTE | 64.50% | 82.2% | 8000(0.31%)
RE A3 B S 55.0% | 72.5% 6107

Al AR 5 SEIAE SR 33 P 3 5t 2 kAT, R0 TR A LK
AT, IR RS INE & =3, IHABEREAK/N [S7] = 20000, ¥
GRRIRAB TR, RIS R4 A LR 64 Bk 76, RIRALE TR
FA-3P 7 dpd . BRI, BT E SRR, MlEE NS
FERFYIRE A R N DA, eI AR, AN Gram Ak as > KR IR
WL SEI R RS gy, BITE 22 i R SRS s s S B R B, 9%
MOER VA BRI A RRRAS . e, T —REWMEIERT d = (51, a0, 500) 1
N B AR, T LIRS ATE %55 h s 72 20 4040, JLiicdk 6107 4%
$hs, Transfer Unit 58 FHZBORAEHI TN . R4-3B/R T & IERIH 50 A LA
JH i S0 SR AR P A 5 TSR ) SR DA% 5 VR 5 ) SR R B, i SR A 2559974
AR THUS T 87.8% W FAURINZ, A TR R 45 11.85 K. 7
B =R s, IR HIAE 32000 25, 14000 EF1 8000 2 RAE Rt
WG 84.7%. 85.1% #1 82.2% W FMUMINZ, 7 B4 T HIEL AR 3.56 /)
i5F. 1.56 /NI 0.89 /NI, DA T BT 25 SRAE R 1.25%. 0.55% F10.31%. %
BORFH, 0 SR IR T DARARE D 1) SRAE AR 1 55 P U 1A 5 SR AR T 2
LB FATRER . 26 b RIS B 5237 St A 1 AR SO SRR v AR, 1 S5 B
T, HEESEN ARG T IREE

4.4.4  PEHGAT S50 i

R T BB UEAS TR SR ) SR TS SRR I b EERR ZE MR A
A G EETMA ML, KL N ARG LA AR R B T R WAL
Hr, TS

WNPE4-10, SR Breakout-v4 {155 #E47 IR AT 55 ST RS 1Y L0, TS5 22
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1 atari V-5 ERFTRZRIEER, Ll FRALE, Ay 84*84 [ ANl&l4-10aflT7R
B EEGE A, FATRA PPOM (A ) O kb ATl gx, IR Y
S AT DAUR-F-3 300 DAL RIS o AL 55 B E T AN Pl 4-10br A B LA A
4-10ck) RGB #ishi#, RGB B EA 3 i, H7EMEA_ER 2RI
RO BT T AT RGNS, RIS AE P 5 RIS,
PR E/INT 2, HEEPLRIE SR

(a) LS5 (84%84%1)

(b) KZiERS (84+84%1) () RGB i 3 i %

(84+%84*3)

¥ 4-10: Breakout #2155 &

< 4-4: Breakout SRAEEEXTH

KEETH RGB sty
REE >200 | K >300 | FEg >200 | K >300
il 2.847M | 6.308M | 5.939M | 9.114M
fintune 1.946M | 3.686M
OSR-transfer | 0.140M | 021IM | 0.164M | 0.246M

Fl4-11a R I, fintune FIAS TR 1 1T 7% SRS AE K BEIEREAT 55 11
reward FEIZREALIEDL, SLERMAPRSEME k = 4, M4ER A HA resnet
gl ik ey R HEZ 2R IR EE b SRR A = R S Y e SRS K = RS VA TR S
AR, SREERRAE R RO, Rd-4rP IR T R BAF] 200 F1 300 YR
FEEXTEL, SR S iR 3 Bt 200 {UFF I %%k 4.9% Al fintune7.2% ()R
B, REHT 300 (LR EYILE 3.3% F1 5.7% HRAEE . [E4-11b257E RGB #i3h
155 ERUIGRACR, 24155 i TR AR R BOCE B A fintune, (HiT
P RIETE AT 55 PAKIRBE A, RFAH] 200 (LFFE IR 2.8% Rt &,
TIRF 300 AT E YN 2.7% RFfH .
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E4-11c 7 R Bb BB RAE AT, H OSR T2 R B Ep iR 22
FEIRPETRAT S5 LIIIZRACR . without OSR S AN R I B B Al 2= 0 T
ZRCR, AP AR T T IR A MIERRCR , [RINEIZR R E . AU O
WS R TERR AR A AREN, RIARERGESE L, F
B PR e 2R R Y o AR MEAE U R R P i A, S BRI i o
ARE. Lt NTAR, XY Gra fe b i R E_ B33 T, 1
SRS AR b BRI R BRI (45 2O R o AR ST R B 26 By Bt
FT T E SR A, P RT A ISR AE BRSSO 7 R B R LA PR
[7] Py B D TR R ZE N5 1A AR R I AR, TEIZARTT , WU S ROLE AT
BRI K o

400 400
350 r Y 350 ¢
S TR A A
~ i
300 f---- - - ek i S 300 H===--- a1 v i
AL fay WAINVA 7 v
Py
250 1:"\"‘"! N b 250 r Aj
= ] k) ,'l v
;200 —————————— e ity 200 f=——m— T Ty e e
Z M 5 X
= 'Y = ]
150 i 150 i
J ~
nJ J
100 ! 100 o
',/ transfer N ,—""' !
50 A O from scratch 50 - N transfer
Pt fintune B from scratch
4 Re
0 & . . . \ \ 0 . . \ )
1 2 3 4 5 6 7 0 2 4 6 8 10
timesteps x10© timesteps x10°
@) K= R & 7
400 r

300

100

P without OSR
7 e without OSR
1 2 3 4 5
timesteps %103
(0) HAPEMIRIERCR

& 4-11: Breakout T FE 3G %) HE
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AT Jo SR T W ACTERE &, 7oA 244 i 5i A 2 ~J J 33 3 1 X )
ZACTERE AL, X pLas N sikfess ) SRR Il Zhad RedR T 92 Il %k MDP,
SEIMBENLALSF PSR . $2 35 41X MDP RS 2 [ A2 AL R BB 55, 5IAGE
P (T, AR T BT RS 2 S s Al 2y ) SR e R Bk A T
PE— BT AL AR R, FRATSE T T U AL SREm TR RS 1 I e RS E A
B EMIRIE . B FRNT AT g A I 2R SR M SR iR ko AT T HE
FEAE UL 5 B3R TR ACR , Iy g, %Ik nl T
BARS RIS Lo






Bhn PN FHLARSE

RETEN GG N SFWRG, R TMRG T AMER ML SRR, 5
FTAMBEE A L. AENSMALL G T AN AR E TR T L
e N PHURTE R e A 0k, SRS SATNIZh Sl ThaE, HAEALBIRFIR TG Ol |
WAL H AT AT 728 ifk . ZARGHE T TurtleBot3-Waffle ML A L, W]
PAFEI R A3 5 P i izt T

5.1 PLES NSRS 5

FEEDLER NSRRI AR, RS RERpLEs NE & IAE AT TS . 2B
WEEh, AMIMZE AP, WA B, WL ARG
PRI 7 M SR SR 7N 1K e NS N R b IR NG e g b S A NTTE B L i 52
— R, FEIRFEETFEERRY) , X R BB Y16 B ;s Sl AN — B mT
WAL AR, 24 7 i A T B B e R i, 7 S PR b i (S 40
P EEd PR AR H Az ALy NAEERCE 7o T 8 1 s = A
B R, AWHEZ Z AR 8, WRMTREIAMEE T, SR REE % B 5 b
SR PEATINE YR ALEs N AR Z E A S, H— Db oA
ERBE YL A, ZH0E AR HC & - SAURCERR k. Toie Wb
Mahbilge N, WERECASNRARGR DY, Hlas N eh 2 S MUBER U T B AR
2, HHAFG S A AR EER . REHI VAT SR, M4
HESENE, LT —EFARL.

5.2 PLES NSRS

5.2.1 &R&WK

AT BRI IR T 9 AL 2] SSRGS RS BRI A R, 31T
TEINVAH R TG NI RS . RARSEEPLFZA: (1) FEES 5

61



62 HRTF NMBAFMAL

(a) AR5 HLas A (b) Ll ALES A

OFSEHELIEIN (d) EAEHLER A
&1 5-1: SEFRI R R ALER A

FEOTBUEAS SCATH AL N AR . FEBL S35 5 P RS A R A R s s
BRI DA S B FL S R BRAREE P |, AR I B8 B DL RERS E A Bt C AT Tk - (2)
PRSP GE R] PATE TAT R0 Ay 3w 2R I g5 Bl N, SO i
FfERTT 5 o

TEASCE LA NSRS, T EHBIAT IR

L Behebk. (RIF%A RSO OER, T R P A2 2
SRR o A R S AR T T, AR B R A e e
BRI S AR, BT R T A AR, AP T B B
BEL PUMESE, SR EEA AR (PR T . BRS)
DA RAEST SR A

2 AT, SAURRS I AFIHL, F AR H RS, Ak
BUARARHLAR )R AR E A I L L3 A3 Be
FPHEZ 10 SAME A TR BOIL R, OISR R LR B 4 LR
FENTFAAIRA SAES SIS IS A S T4

3. AL, PAURACE AL TIORGOS R 6L
BN PR ICERE BN, B LR A TR 2 I £ 2
(A RRFFHEE S Lt AEFTRERONIIL T LBt I
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5.2.2 AR5

5.2.2.1 TurtleBot3-Waffle JL2% A\

TurtleBot 22— EMHLEE NS Fk, HEIA =487, TurtleBot, Turtle-
Bot2 }% TurtleBot3, K5-2"A4r= it scy @K, TurtleBot3 2 H gl —
HLEE A, TurtleBot3 HR4TG 4540432 Turtlebot3-Burger #1 Turtlebot3-Waffle,
Turtlebot3-Burger =78 , & ZAMIFIPIAU™ M 2EMLh, HXH1 = Turtlebot3-Waffle I i
-, XA TEIZ B AR 2 =R (5 S S D, s ATRE g A
% . Turtlebot3-Waflle AR H A {21 B X 4% 44 Turtlebot3-Waffle £/l Turtlebot3-Waffle-
Pi, XHITET HIFEHEZ T Intel joule HIK W & #i Fl Intel Realsense R200 % AH
BT G680 T WERIR Pi 3 FIAMERIRAEIAL, ARG 2053 ek Y Turtlebot3-
Waffle #l#5 A .

5-2: TurtleBot &L i SE 47 &

TurtleBot J&—K [ 4 JEIEME . (RMARITEYLE N, T Z TR
TurtleBot ] PAARIIRT HALAS NFK, SCHURZ IIRE, HIAnlas k. PLas A
s, Plas NEE . PMlas N2 SEFR I . TurtdeBot BeAy BREHUEERIAFIAL
VARG AT DA B0 2 BT e IR S5 BIanAT AR . AR S
Wl W RERBESE, oL N2 NS AR A OF s A T B B . AEfE
r4sM b, TurtleBot HAF R &G, & T2 ARMENIREL, A2 LR H 8,
PR R, AT RV AR AR 75 oK Al AGRSE 1) EMER:, HCE H A
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dm

&, BIUNA T A H A BT CAR L . AR 45

TurtleBot $2fit 7" ROS ¢ £F, 7E ROS {5 ELAASE H AT DA A TurtleBot #5154,
ROS A DA T 5544 TurtleBot ML A _FSEBUEFERF ], SR TR0 S22
il ARGRIECHE R ANERS- 1R

¢ 5-1: Turtlebot3-Waffle {5 i

BRETik XM430
P il e OpenCR il %

SBC Hff L fiki Intel Joule I T A M
BotE L HLS-LFCD2 ot A
RIEEAHAIL Intel Realsense R200 15 & B 15 5241,

227 2200mAh Hijh

R IT I, IR TR Ot R B LB A, RPN T
AR, BOLEIAM T ESHANERS 2R .

*5-2: POLHIB RS

T 69.5(W)*95.5(D)*39.5(H)mm
iRl ERE= 120mm~3500mm
A 360°
RAER 1.8kHz
ERETpIES 5Hz

5.2.2.2 HAKFHA

FMARG R BARMRE AR NS -3F7R . B 7 LA AiAses , A IS i
WP PR, AEPERERRI S NN _E5E M. T JCAE S 5 R B oLk
2%, T TPLas NmRe el , 18 EPLEs N5 R A] gmapping FIA7E T A
HEXPEAT A AT RERS . RO S AL B S PRAT o HE 4 IR AR AP T IR SR 3 5
IR S IR R A T SR SRR, ol B L SR 370 5t v 1 Bl AR 2R M A% et R
P o i MR T PSR A il Pl 4 5 33 P ) SR S PRM B A 1]

YIS SMAL T, ZahSRY) . L RGI SHRTAERES R
W, FEARERUEER TR R A 2 i, LS NIEA BRSO )G, HE
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17 FIAIZ IR I Sk
SRS
bt el > PRUEES
TE [
\ l

» S .

2RI | R A
R

Kl 5-3: SAARGHE ik

AR ped 2 LA N AR AT RN — e, X i R A %
MR, — D7, AESURMO R oL S 7, m AR R A7 2 g b A 7 ML
MITHETH R GEREAR I RIS T3 —Tr 0, AE 52 AL R DR B A ) B 5400 B9
SHECPMURW ] A BTG ROIRES, d e N TR B 5 S EH s R 58
WG, AT PRI SRS E BT, AL, AMRG LI T MES-4fR
ST S5 AL RO, A2 UG 0 R AR 3 1 AR A AN AT A PR AL T E

B

!

EIEP R4

A

AL

TRE

K 5-4: UL S5 AL BRI AR

fitfAE A A1 ] Turtlebot3-Waffle ML NEREEAHMLE A, KHLES A w2k )
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=R RI N BRI, el T PR AL R A H AR L e T B
PR 10 N A BEATY , ToTRAR T A (2 B ) PR A v B AN R0 i g E AR T
WOCER BRI BN RIS , 255 W PLds AT sl s, DY R 2 A
R IRRAS AR D A7 D KA UIEAIL A% A N 1)l 725 72 52 28 Gt i b 1) 2 S SR AT I
o . JRIBSER B E SR, FESEPRI 5 b E AL B R A as L At
PLES NPT E ) 22, X AR AR LG N 47K
SLRENS SIS HIAG AL L R GE, [RIIN E RL AR GE I B AR (1 1 R 8 1) Ik ) A K
s M IEE A RRESMRMATIL, RIS A B 22 2RE, I AX
NV IESI ) U VAL R PR R IR

5.2.3 RGRCR

TE VS -SaffrR i LI A T S AT SR SRR R, %357k 20m, 58
Om, HA 65 TLAL, WFHTFHWZILRE. 1. BTRaFiSkmy, i
AAERN . PRSI . TR — ARG S SR . e RN KE
TR, %) A E A E S-5hs, G O R AT IX
PR IR SRR Y, K DO AR DXk, RN DRIk B A A Al AT

.:‘tmﬂ:ﬂ L”m;l:u%

(a) B 5 (b) — il
Bl 5-5: IVAESFRR

AR SR Y B U A R T BEHR R M 4, DR X g
BEZOREBAR, FEE M EA B, SR DWA BEVEN el i 7y
VAL, sRALS S PR IB TR A H 8 £, WHEIS-68TR .

TR IR ARG LB T8RS T AU S B B R S
AUANE SRR B FH AT SRR . BIS-TRSMMERER, ES5-Ta%k
Ho5t, Kl Turtlebot3-Waffle ALEF AAL T JHZIIRES, EIS-7bk ROS &1
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100 -

RElTRE (Hz)
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DWA RL

Kl 5-6: Sl KisfTidR

RVIZ T HJE7m i e al AL S, B blae AR AP N RoR MR
AOFERFR PIULF A R, SO R RN RGN RAGER, B5-Tchl
e NTREERIILEA . =S AR TS SUPLas AR T 22 B A, 39
[ A5 )

(2) BRI 5% (b) —ZfE (c) HLES ABLSE
Bl 5-7: FHURGIIRRS RN

5 -8R FESRERE AR o« 1 e U TS Ak ) S BRI g b T S, DAL
B4 T AT E AR, WES-8bFs, ALas A bR fif ik 3o i 8 B -y 52 3 A
ATt Skt A AT S-8a i

(a) I 5 (b) — el (c) HLEE A
| 5-8: B FR A4 Rk

F5-9FE5- 10 R ShASMERERSCR o Mlds Nz sy, FEplas AATHlps 2k
R A I — AT A, AnES-9af7R . A7 A BUG , Al A PR R) 4 pide
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FUGIR , BB 10 288 )t g pr it Se 47T A o

(a) B 5t (b) e ORI IN
&l 5-9: Sl fek ) Skl ) 175 DL

WNES- 108 R AHLAS N 288 1m ST AT AR A, BT N ZE -5 220 =1
MBS 2020 S0cm,  SEITAT NS HLAS A ) A8 i) 3 g Ze M) 521

(@) BLIH 5 (b) —ZfE (c) BLES ALIE
&l 5-10: ZhASHE ) Bl 15 O

FIS-11RR Pl NS minyad i . e A Bl &, BiT—B
J& , TEEIS-1IbME R E ) A AL, BeETE B mAC R S MG P Aol 3R 4 ki
FRFER S, ARG RFFEAT, REVAS NS B A A4S, SEMAK
S, anEs-11afiR,

(a) BLILH) 5% (b) — i ORIE N
el 5-11: AUfil TR R 52 B3I 1 2

S - 12 K BE B RERICR , X I b &g S RPM %M &1 5, (] 2737
PR RS . S IES-ToMIE], DAMLIEIZE B, s f DU R GRS
WNPES- 126 /R BCE MR 2 N AR BN A, SRR T A Rt
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(2) FLILH 5 (b) e (c) HLES ABLSE
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PREOR, (ST IR RE .

3. M THREMERR . MR REESFTB, BT A H R R %,
i SRR SCHE SR I B 1) TR R ik Al >0 S B m] AR HAR AL A AR
FrE s, sifbss ] Shlds N RESE 0 BRI BIER .



%25 3CHik

ANDERSON P, CHANG A X, CHAPLOT D S, et al. On evaluation of embodied
navigation agents[J/OL]. CoRR, 2018, abs/1807.06757. http://arxiv.org/abs/18
07.06757.

LAVALLE S M, et al. Rapidly-exploring random trees: A new tool for path
planning[J]. 1998.

KAVRAKILE, LATOMBE J. Randomized preprocessing of configuration space
for fast path planning[C/OL]//Proceedings of the 1994 International Conference
on Robotics and Automation, San Diego, CA, USA, May 1994. IEEE Computer
Society, 1994: 2138-2145. https://doi.org/10.1109/ROBOT.1994.350966.

FOX D, BURGARD W, THRUN S. The dynamic window approach to collision
avoidance[J/OL]. 1IEEE Robotics Autom. Mag., 1997, 4(1): 23-33. https://doi.or
2/10.1109/100.580977.

X5, iz bk, TRnte, . TR K T R R AT ORI
. RGN EEEAR, 2007, 19(18): 4174-4177.

RAM A, BOONE G, ARKIN R C, et al. Using genetic algorithms to learn
reactive control parameters for autonomous robotic navigation[J/OL]. Adapt.
Behav., 1994, 2(3): 277-305. https://doi.org/10.1177/105971239400200303.

LUO C, YANG S X. A bioinspired neural network for real-time concurrent
map building and complete coverage robot navigation in unknown environments
[J/OL]. IEEE Trans. Neural Networks, 2008, 19(7): 1279-1298. https://doi.org/
10.1109/TNN.2008.2000394.

TSE P, LANG S, LEUNG K, et al. Design of a navigation system for a household
mobile robot using neural networks[C]//1998 IEEE International Joint Confer-
ence on Neural Networks Proceedings. IEEE World Congress on Computational
Intelligence (Cat. No. 98CH36227): volume 3. [S.l.]: IEEE, 1998: 2151-2156.

FU Y, LANG S Y T. Fuzzy logic based mobile robot area filling with vi-
sion system for indoor environments[C/OL]//Proceedings 1999 IEEE Interna-
tional Symposium on Computational Intelligence in Robotics and Automation,
CIRA’99, Monterey, California, USA, November 8-9, 1999. IEEE, 1999: 326-
331. https://doi.org/10.1109/CIRA.1999.810069.

73


http://arxiv.org/abs/1807.06757
http://arxiv.org/abs/1807.06757
https://doi.org/10.1109/ROBOT.1994.350966
https://doi.org/10.1109/100.580977
https://doi.org/10.1109/100.580977
https://doi.org/10.1177/105971239400200303
https://doi.org/10.1109/TNN.2008.2000394
https://doi.org/10.1109/TNN.2008.2000394
https://doi.org/10.1109/CIRA.1999.810069

74

BB ik

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

MNIH V, KAVUKCUOGLU K, SILVER D, et al. Playing atari with deep rein-
forcement learning[J/OL]. CoRR, 2013, abs/1312.5602. http://arxiv.org/abs/13
12.5602.

MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human-level control through
deep reinforcement learning[J/OL]. Nat., 2015, 518(7540): 529-533. https:
//doi.org/10.1038/nature14236.

SCHAUL T, QUAN J, ANTONOGLOU 1, et al. Prioritized experience replay
[C/OL]//BENGIO Y, LECUN Y. 4th International Conference on Learning Rep-
resentations, ICLR 2016, San Juan, Puerto Rico, May 2-4, 2016, Conference
Track Proceedings. 2016. http://arxiv.org/abs/1511.05952.

WANG Z, SCHAUL T, HESSEL M, et al. Dueling network architectures for
deep reinforcement learning[C/OL]/BALCAN M, WEINBERGER K Q. JMLR
Workshop and Conference Proceedings: volume 48 Proceedings of the 33nd
International Conference on Machine Learning, ICML 2016, New York City, NY,
USA, June 19-24, 2016. JMLR.org, 2016: 1995-2003. http://proceedings.mlr.pr
ess/v48/wangf16.html.

SILVER D, HUANG A, MADDISON C J, et al. Mastering the game of go with
deep neural networks and tree search[J/OL]. Nat., 2016, 529(7587): 484-489.
https://doi.org/10.1038/nature16961.

HAARNOIJA T, ZHOU A, ABBEEL P, et al. Soft actor-critic: Off-policy maxi-
mum entropy deep reinforcement learning with a stochastic actor[J/OL]. CoRR,
2018, abs/1801.01290. http://arxiv.org/abs/1801.01290.

LILLICRAP T P, HUNT J J, PRITZEL A, et al. Continuous control with deep
reinforcement learning[C/OL]//BENGIO Y, LECUN Y. 4th International Confer-
ence on Learning Representations, ICLR 2016, San Juan, Puerto Rico, May 2-4,
2016, Conference Track Proceedings. 2016. http://arxiv.org/abs/1509.02971.

MNIH V, BADIA A P, MIRZA M, et al. Asynchronous methods for deep rein-
forcement learning[C/OL]//BALCAN M, WEINBERGER K Q. JMLR Workshop
and Conference Proceedings: volume 48 Proceedings of the 33nd International
Conference on Machine Learning, ICML 2016, New York City, NY, USA, June
19-24,2016. JMLR.org, 2016: 1928-1937. http://proceedings.mlr.press/v48/mn
ihal6.html.

SCHULMAN J, LEVINE S, ABBEEL P, et al. Trust region policy optimization
[C/OL)//BACH F R, BLEI D M. JMLR Workshop and Conference Proceedings:


http://arxiv.org/abs/1312.5602
http://arxiv.org/abs/1312.5602
https://doi.org/10.1038/nature14236
https://doi.org/10.1038/nature14236
http://arxiv.org/abs/1511.05952
http://proceedings.mlr.press/v48/wangf16.html
http://proceedings.mlr.press/v48/wangf16.html
https://doi.org/10.1038/nature16961
http://arxiv.org/abs/1801.01290
http://arxiv.org/abs/1509.02971
http://proceedings.mlr.press/v48/mniha16.html
http://proceedings.mlr.press/v48/mniha16.html

K Lk 75

[23]

volume 37 Proceedings of the 32nd International Conference on Machine Learn-
ing, ICML 2015, Lille, France, 6-11 July 2015. JMLR.org, 2015: 1889-1897.
http://proceedings.mlr.press/v37/schulman15.html.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al. Proximal policy optimization
algorithms[J/OL]. CoRR, 2017, abs/1707.06347. http://arxiv.org/abs/1707.063
47.

STENTZ A. Optimal and efficient path planning for partially-known environ-
ments[C/OL]//Proceedings of the 1994 International Conference on Robotics and
Automation, San Diego, CA, USA, May 1994. IEEE Computer Society, 1994:
3310-3317. https://doi.org/10.1109/ROBOT.1994.351061.

STENTZ A. The focussed d* algorithm for real-time replanning[C/OL]//
Proceedings of the Fourteenth International Joint Conference on Artificial In-
telligence, 1IJCAI 95, Montréal Québec, Canada, August 20-25 1995, 2 Vol-
umes. Morgan Kaufmann, 1995: 1652-1659. http://ijcai.org/Proceedings/95-
2/Papers/082.pdf.

DU M, CHEN J, ZHAO P, et al. An improved rrt-based motion planner for
autonomous vehicle in cluttered environments[C/OL]//2014 1IEEE International
Conference on Robotics and Automation, ICRA 2014, Hong Kong, China, May
31 - June 7, 2014. IEEE, 2014: 4674-4679. https://doi.org/10.1109/ICRA.2014.
6907542.

LAU B, SPRUNK C, BURGARD W. Kinodynamic motion planning for mobile
robots using splines[C/OL]//2009 IEEE/RSJ International Conference on Intel-
ligent Robots and Systems, October 11-15, 2009, St. Louis, MO, USA. IEEE,
2009: 2427-2433. https://doi.org/10.1109/IROS.2009.5354805.

BOOR V, OVERMARS M H, VAN DER STAPPEN A F. The gaussian sampling
strategy for probabilistic roadmap planners[C/OL]//1999 IEEE International Con-
ference on Robotics and Automation, Marriott Hotel, Renaissance Center, Detroit,
Michigan, USA, May 10-15, 1999, Proceedings. IEEE Robotics and Automation
Society, 1999: 1018-1023. https://doi.org/10.1109/ROBOT.1999.772447.

HSU D, JIANG T, REIF J H, et al. The bridge test for sampling narrow passages
with probabilistic roadmap planners[C/OL]//Proceedings of the 2003 IEEE Inter-
national Conference on Robotics and Automation, ICRA 2003, September 14-19,
2003, Taipei, Taiwan. IEEE, 2003: 4420-4426. https://doi.org/10.1109/ROBOT.
2003.1242285.


http://proceedings.mlr.press/v37/schulman15.html
http://arxiv.org/abs/1707.06347
http://arxiv.org/abs/1707.06347
https://doi.org/10.1109/ROBOT.1994.351061
http://ijcai.org/Proceedings/95-2/Papers/082.pdf
http://ijcai.org/Proceedings/95-2/Papers/082.pdf
https://doi.org/10.1109/ICRA.2014.6907542
https://doi.org/10.1109/ICRA.2014.6907542
https://doi.org/10.1109/IROS.2009.5354805
https://doi.org/10.1109/ROBOT.1999.772447
https://doi.org/10.1109/ROBOT.2003.1242285
https://doi.org/10.1109/ROBOT.2003.1242285

76

BB ik

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

HSU D, SANCHEZ-ANTE G, CHENG H, et al. Multi-level free-space dilation
for sampling narrow passages in PRM planning[C/OL]//Proceedings of the 2006
IEEE International Conference on Robotics and Automation, ICRA 2006, May
15-19, 2006, Orlando, Florida, USA. IEEE, 2006: 1255-1260. https://doi.org/10
.1109/ROBOT.2006.1641881.

TAHIR Z, QURESHI A H, AYAZ Y, et al. Potentially guided bidirectionalized
rrt* for fast optimal path planning in cluttered environments[J/OL]. Robotics
Auton. Syst., 2018, 108: 13-27. https://doi.org/10.1016/j.robot.2018.06.013.

BORENSTEIN J, KOREN Y. The vector field histogram-fast obstacle avoidance
for mobile robots[J/OL]. IEEE Trans. Robotics Autom., 1991, 7(3): 278-288.
https://doi.org/10.1109/70.88137.

SIMMONS R G. The curvature-velocity method for local obstacle avoidance
[C/OL]//Proceedings of the 1996 IEEE International Conference on Robotics and
Automation, Minneapolis, Minnesota, USA, April 22-28, 1996. 1EEE, 1996:
3375-3382. https://doi.org/10.1109/ROBOT.1996.511023.

ULRICH I, BORENSTEIN J. Vfh*: Local obstacle avoidance with look-ahead
verification[C/OL]//Proceedings of the 2000 IEEE International Conference on
Robotics and Automation, ICRA 2000, April 24-28, 2000, San Francisco, CA,
USA. IEEE, 2000: 2505-2511. https://doi.org/10.1109/ROBOT.2000.846405.

SUTTON R S. Learning to predict by the methods of temporal differences[J/OL].
Mach. Learn., 1988, 3: 9-44. https://doi.org/10.1007/BF00115009.

WATKINS C J C H, DAYAN P. Technical note g-learning[J/OL]. Mach. Learn.,
1992, 8: 279-292. https://doi.org/10.1007/BF00992698.

SUTTON R S, MCALLESTER D A, SINGH S P, et al. Policy gradient meth-
ods for reinforcement learning with function approximation[C/OL]//SOLLA S A,
LEEN T K, MULLER K. Advances in Neural Information Processing Systems 12,
[NIPS Conference, Denver, Colorado, USA, November 29 - December 4, 1999].
The MIT Press, 1999: 1057-1063. http://papers.nips.cc/paper/1713-policy-

gradient-methods-for-reinforcement-learning- with-function-approximation.

WILLIAMS R J. Simple statistical gradient-following algorithms for con-
nectionist reinforcement learning[J/OL]. Mach. Learn., 1992, 8: 229-256.
https://doi.org/10.1007/BF00992696.


https://doi.org/10.1109/ROBOT.2006.1641881
https://doi.org/10.1109/ROBOT.2006.1641881
https://doi.org/10.1016/j.robot.2018.06.013
https://doi.org/10.1109/70.88137
https://doi.org/10.1109/ROBOT.1996.511023
https://doi.org/10.1109/ROBOT.2000.846405
https://doi.org/10.1007/BF00115009
https://doi.org/10.1007/BF00992698
http://papers.nips.cc/paper/1713-policy-gradient-methods-for-reinforcement-learning-with-function-approximation
http://papers.nips.cc/paper/1713-policy-gradient-methods-for-reinforcement-learning-with-function-approximation
https://doi.org/10.1007/BF00992696

K Lk 77

[35]

[41]

PETERS J, VIJAYAKUMAR S, SCHAAL S. Natural actor-critic|[C/OL]//
GAMA J, CAMACHO R, BRAZDIL P, et al. Lecture Notes in Computer Science:
volume 3720 Machine Learning: ECML 2005, 16th European Conference on
Machine Learning, Porto, Portugal, October 3-7, 2005, Proceedings. Springer,
2005: 280-291. https://doi.org/10.1007/11564096_29.

BHATNAGAR S, SUTTON R S, GHAVAMZADEH M, et al. Incremental natural
actor-critic algorithms[C/OL]//PLATT J C, KOLLER D, SINGER Y, et al. Ad-
vances in Neural Information Processing Systems 20, Proceedings of the Twenty-
First Annual Conference on Neural Information Processing Systems, Vancouver,
British Columbia, Canada, December 3-6, 2007. Curran Associates, Inc., 2007:
105-112. https://proceedings.neurips.cc/paper/2007/hash/6883966fd8f918ad4aa2
9be29d2c386fb- Abstract.html.

DEGRIS T, PILARSKI P M, SUTTON R S. Model-free reinforcement learning
with continuous action in practice[C/OL]//American Control Conference, ACC
2012, Montreal, QC, Canada, June 27-29, 2012. IEEE, 2012: 2177-2182. http:
/lieeexplore.ieee.org/document/6315022/.

ZHENG G, ZHANG F, ZHENG Z, et al. DRN: A deep reinforcement learn-
ing framework for news recommendation[C/OL]//CHAMPIN P, GANDON F L,
LALMAS M, et al. Proceedings of the 2018 World Wide Web Conference on
World Wide Web, WWW 2018, Lyon, France, April 23-27, 2018. ACM, 2018:
167-176. https://doi.org/10.1145/3178876.3185994.

YU L, ZHANG W, WANG J, et al. Seqgan: Sequence generative adversarial
nets with policy gradient[C/OL]//SINGH S P, MARKOVITCH S. Proceedings
of the Thirty-First AAAI Conference on Artificial Intelligence, February 4-9,
2017, San Francisco, California, USA. AAAI Press, 2017: 2852-2858. http:
/laaai.org/ocs/index.php/ AAAI/AAAIL7 /paper/view/14344.

PLAPPERT M, ANDRYCHOWICZ M, RAY A, et al. Multi-goal reinforce-
ment learning: Challenging robotics environments and request for research[J/OL].
CoRR, 2018, abs/1802.09464. http://arxiv.org/abs/1802.09464.

HAARNOIJA T, PONG V, ZHOU A, et al. Composable deep reinforcement
learning for robotic manipulation[C/OL]//2018 IEEE International Conference on
Robotics and Automation, ICRA 2018, Brisbane, Australia, May 21-25, 2018.
IEEE, 2018: 6244-6251. https://doi.org/10.1109/ICRA.2018.8460756.


https://doi.org/10.1007/11564096_29
https://proceedings.neurips.cc/paper/2007/hash/6883966fd8f918a4aa29be29d2c386fb-Abstract.html
https://proceedings.neurips.cc/paper/2007/hash/6883966fd8f918a4aa29be29d2c386fb-Abstract.html
http://ieeexplore.ieee.org/document/6315022/
http://ieeexplore.ieee.org/document/6315022/
https://doi.org/10.1145/3178876.3185994
http://aaai.org/ocs/index.php/AAAI/AAAI17/paper/view/14344
http://aaai.org/ocs/index.php/AAAI/AAAI17/paper/view/14344
http://arxiv.org/abs/1802.09464
https://doi.org/10.1109/ICRA.2018.8460756

78

BB ik

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

HAARNOIJA T, TANG H, ABBEEL P, et al. Reinforcement learning with deep
energy-based policies| C/OL])//PRECUP D, TEH Y W. Proceedings of Machine
Learning Research: volume 70  Proceedings of the 34th International Conference
on Machine Learning, ICML 2017, Sydney, NSW, Australia, 6-11 August 2017.
PMLR, 2017: 1352-1361. http://proceedings.mlr.press/v70/haarnojal7a.html.

PENG X B, ABBEEL P, LEVINE S, et al. Deepmimic: example-guided deep re-
inforcement learning of physics-based character skills[J/OL]. ACM Trans. Graph.,
2018, 37(4): 143:1-143:14. https://doi.org/10.1145/3197517.3201311.

LEE J, DOSOVITSKIY A, BELLICOSO D, et al. Learning agile and dynamic
motor skills for legged robots[J/OL]. Sci. Robotics, 2019, 4(26). https://doi.org/
10.1126/scirobotics.aau5872.

NAGABANDI A, CLAVERA I, LIU S, et al. Learning to adapt in dynamic,
real-world environments through meta-reinforcement learning[C/OL]//7th Inter-
national Conference on Learning Representations, ICLR 2019, New Orleans, LA,
USA, May 6-9, 2019. OpenReview.net, 2019. https://openreview.net/forum?id=
HyztsoC5Y7.

TIAN S, EBERT F, JAYARAMAN D, et al. Manipulation by feel: Touch-based
control with deep predictive models[C/OL]//International Conference on Robotics
and Automation, ICRA 2019, Montreal, QC, Canada, May 20-24, 2019. IEEE,
2019: 818-824. https://doi.org/10.1109/ICRA.2019.8794219.

AMIRANASHVILI A, DOSOVITSKIY A, KOLTUN V, et al. Motion per-
ception in reinforcement learning with dynamic objects[J/OL]. CoRR, 2019,
abs/1901.03162. http://arxiv.org/abs/1901.03162.

LEEM A,ZHU Y, SRINIVASAN K, et al. Making sense of vision and touch: Self-
supervised learning of multimodal representations for contact-rich tasks[C/OL]//
International Conference on Robotics and Automation, ICRA 2019, Montreal,
QC, Canada, May 20-24, 2019. IEEE, 2019: 8943-8950. https://doi.org/10.110
9/ICRA.2019.8793485.

TAI L, ZHANG J, LIU M, et al. Socially compliant navigation through raw
depth inputs with generative adversarial imitation learning[C/OL]//2018 IEEE
International Conference on Robotics and Automation, ICRA 2018, Brisbane,
Australia, May 21-25, 2018. IEEE, 2018: 1111-1117. https://doi.org/10.1109/
ICRA.2018.8460968.


http://proceedings.mlr.press/v70/haarnoja17a.html
https://doi.org/10.1145/3197517.3201311
https://doi.org/10.1126/scirobotics.aau5872
https://doi.org/10.1126/scirobotics.aau5872
https://openreview.net/forum?id=HyztsoC5Y7
https://openreview.net/forum?id=HyztsoC5Y7
https://doi.org/10.1109/ICRA.2019.8794219
http://arxiv.org/abs/1901.03162
https://doi.org/10.1109/ICRA.2019.8793485
https://doi.org/10.1109/ICRA.2019.8793485
https://doi.org/10.1109/ICRA.2018.8460968
https://doi.org/10.1109/ICRA.2018.8460968

K Lk 79

[50]

[52]

[54]

[55]

[57]

HO J, ERMON S. Generative adversarial imitation learning[C/OL]//LEE D D,
SUGIYAMA M, VON LUXBURG U, et al. Advances in Neural Information
Processing Systems 29: Annual Conference on Neural Information Processing
Systems 2016, December 5-10, 2016, Barcelona, Spain. 2016: 4565-4573.
https://proceedings.neurips.cc/paper/2016/hash/cc7e2b878868cbae992d1fb7439
95d8f-Abstract.html.

TAIL, LIU M. A robot exploration strategy based on g-learning network[C/OL]//
IEEE International Conference on Real-time Computing and Robotics, RCAR
2016, Angkor Wat, Cambodia, June 6-10, 2016. IEEE, 2016: 57-62. https:
//doi.org/10.1109/RCAR.2016.7784001.

TAI L, PAOLO G, LIU M. Virtual-to-real deep reinforcement learning: Con-
tinuous control of mobile robots for mapless navigation[C/OL]//2017 IEEE/RSJ
International Conference on Intelligent Robots and Systems, IROS 2017, Van-
couver, BC, Canada, September 24-28, 2017. IEEE, 2017: 31-36. https:
//doi.org/10.1109/IROS.2017.8202134.

ZHU Y, MOTTAGHI R, KOLVE E, et al. Target-driven visual navigation in
indoor scenes using deep reinforcement learning[C/OL]//2017 IEEE International
Conference on Robotics and Automation, ICRA 2017, Singapore, Singapore, May
29 - June 3, 2017. 1EEE, 2017: 3357-3364. https://doi.org/10.1109/ICRA.2017.
7989381.

KOLVE E, MOTTAGHI R, GORDON D, et al. AI2-THOR: an interactive 3d
environment for visual AI[JJOL]. CoRR, 2017, abs/1712.05474. http://arxiv.or
g/abs/1712.05474.

GRISETTI G, STACHNISS C, BURGARD W. Improved techniques for grid
mapping with rao-blackwellized particle filters[J/OL]. IEEE Trans. Robotics,
2007, 23(1): 34-46. https://doi.org/10.1109/TRO.2006.889486.

PAN S J, YANG Q. A survey on transfer learning[J/OL]. IEEE Trans. Knowl.
Data Eng., 2010, 22(10): 1345-1359. https://doi.org/10.1109/TKDE.2009.191.

ZHU J, PARK T, ISOLA P, et al. Unpaired image-to-image translation using
cycle-consistent adversarial networks[C/OL]//IEEE International Conference on
Computer Vision, ICCV 2017, Venice, Italy, October 22-29, 2017. IEEE Com-
puter Society, 2017: 2242-2251. https://doi.org/10.1109/ICCV.2017.244.


https://proceedings.neurips.cc/paper/2016/hash/cc7e2b878868cbae992d1fb743995d8f-Abstract.html
https://proceedings.neurips.cc/paper/2016/hash/cc7e2b878868cbae992d1fb743995d8f-Abstract.html
https://doi.org/10.1109/RCAR.2016.7784001
https://doi.org/10.1109/RCAR.2016.7784001
https://doi.org/10.1109/IROS.2017.8202134
https://doi.org/10.1109/IROS.2017.8202134
https://doi.org/10.1109/ICRA.2017.7989381
https://doi.org/10.1109/ICRA.2017.7989381
http://arxiv.org/abs/1712.05474
http://arxiv.org/abs/1712.05474
https://doi.org/10.1109/TRO.2006.889486
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/ICCV.2017.244

80

BB ik

[58]

[59]

[60]

[61]

[62]

[63]

GOODFELLOW 1 J, POUGET-ABADIE J, MIRZA M, et al. Generative ad-
versarial networks[J/OL]. Commun. ACM, 2020, 63(11): 139-144. https:
//doi.org/10.1145/3422622.

HA D, SCHMIDHUBER J. Recurrent world models facilitate policy evolution
[C/OL]//BENGIO S, WALLACH H M, LAROCHELLE H, et al. Advances in
Neural Information Processing Systems 31: Annual Conference on Neural Infor-
mation Processing Systems 2018, NeurIPS 2018, December 3-8, 2018, Montréal,
Canada. 2018: 2455-2467. https://proceedings.neurips.cc/paper/2018/hash/2de
5d16682c3c35007e4e92982f 1a2ba- Abstract.html.

PATHAK D, AGRAWAL P, EFROS A A, et al. Curiosity-driven exploration
by self-supervised prediction[C/OL]//PRECUP D, TEH Y W. Proceedings of
Machine Learning Research: volume 70 Proceedings of the 34th International
Conference on Machine Learning, ICML 2017, Sydney, NSW, Australia, 6-11
August 2017. PMLR, 2017: 2778-2787. http://proceedings.mlr.press/v70/path
akl17a.html.

GAMRIAN S, GOLDBERG Y. Transfer learning for related reinforcement learn-
ing tasks via image-to-image translation[C/OL]/CHAUDHURI K, SALAKHUT-
DINOV R. Proceedings of Machine Learning Research: volume 97 Proceed-
ings of the 36th International Conference on Machine Learning, ICML 2019,
9-15 June 2019, Long Beach, California, USA. PMLR, 2019: 2063-2072.
http://proceedings.mlr.press/v97/gamrian19a.html.

MIROWSKI P, PASCANU R, VIOLA F, et al. Learning to navigate in complex
environments[C/OL]//5th International Conference on Learning Representations,
ICLR 2017, Toulon, France, April 24-26, 2017, Conference Track Proceedings.
OpenReview.net, 2017. https://openreview.net/forum?id=SIMGPrcle.

MIROWSKI P, GRIMES M K, MALINOWSKI M, et al. Learning to navigate in
cities without a map[C/OL]//BENGIO S, WALLACH H M, LAROCHELLE H,
etal. Advances in Neural Information Processing Systems 31: Annual Conference
on Neural Information Processing Systems 2018, NeurIPS 2018, December 3-8,
2018, Montréal, Canada. 2018: 2424-2435. https://proceedings.neurips.cc/pap
er/2018/hash/e034fb6b66aacc1d48f445ddfb08da98- Abstract.html.


https://doi.org/10.1145/3422622
https://doi.org/10.1145/3422622
https://proceedings.neurips.cc/paper/2018/hash/2de5d16682c3c35007e4e92982f1a2ba-Abstract.html
https://proceedings.neurips.cc/paper/2018/hash/2de5d16682c3c35007e4e92982f1a2ba-Abstract.html
http://proceedings.mlr.press/v70/pathak17a.html
http://proceedings.mlr.press/v70/pathak17a.html
http://proceedings.mlr.press/v97/gamrian19a.html
https://openreview.net/forum?id=SJMGPrcle
https://proceedings.neurips.cc/paper/2018/hash/e034fb6b66aacc1d48f445ddfb08da98-Abstract.html
https://proceedings.neurips.cc/paper/2018/hash/e034fb6b66aacc1d48f445ddfb08da98-Abstract.html

i D3 S5 BHFE R

HEAAE B
FIRTEE, T, BUR, 1996 4F 9 H i, VIIRE LA

BHAR
2018 45 9 J] — 2021 4 6 J] FERURAE I BRALRAE SHA R it
2014 459 J] — 2018 4 6 J] SRR IIRLRLE SH AR AR

B A 22 91 1] S Iy 22 AR R
1. Junyi An, Fengshan Liu, Jian Zhao, Furao Shen, Kepan Gao, “IC Neuron: An

Efficient Unit to Construct Neural Networks” in Neural networks, under review.

b 1T e R B[RRI )D% S

LOHEGE, W%, XN, R, @ MRl UWB 1 LiDAR =N E
NiTEE” (202011520518)

Pt LA IS 5 R R e

L ER A ARG CH TR RN B AT I 2 M 25 Bl & R 4

BF5E” (PREEAE IR 2019.01-2022.12) , TSR SHLAS A E (L AN AU X 10 AR Y

B

81






g W

OEHER, HY R, FRIRBIPIR A =TI RS, Elm H 7
KA. IR, REAA, —BER, ] TREZHR, BT
BB, I RIE R T 2RI TR IR AT 2R TR R
e fATTERE T KA.

Ep it SR R ORISR PE € - b A [ /R 3 DS PSR A A A= Py
F R AT T TIRZIM IR, B ITERT_ EXRAT R EOK . Bl
'3, FCTRATRHIFEAT M) B A BT . HR 2 U B Pt S il s e ) 4 )
M HE R LB R L, FHE R 2 RIR, RS, RS
TRHIFA R AR RB R B NAE T, JhS7 5 i [ B 20 2 5 AR [
HEEITBAE A LA TRAIOL, BPHATY DA ER, X REALZm
. F SRR s, BEITE 2 ERHR SIS TRERIATL), %
A ECA R W TARS AR .

ZARRIRTE AR T, SRS SRR B A [ 24T, AL A — [ BT
HANGIE, R AR KA, ARTRIEEE, AR LA R E 2R .
AT 53— R g PR RR, FERITE R T TR T

I, JRACEE, B RN, AT FRICHON 2/ OIS, A6
FAWHEL I, REWS A BB A

83






PO SRS

AN GEA T R B O T A 2 98 S SRR P e R ARy (DAR TR
AR ), BB NMAOOE SRAT P EAARMIT GERR) R
1 EE A8 S04 SCRHRPEY - (R ML A 24 738 S04 SCRi ey
AR (P ERLAAAIE SCASCHARPEY . i 5 A2 18 SO A SR
FEY WTRADARE - 4% BB IR TE AT S, TR g CH RS
PSRN, AE P EPERL2 08 SCOEM B PEY T FITE B A%, [F]

A CERRT AUE SN KA

) .
Yz
(s 9%
A H

jlop e FT IR A > RS Sl de N ST

Wt A2ES | MG1833020 | FfEBe R | TSR SRR | AO4FE | 2021

VAIRS 2= 23 A5 i W s 8 72 23 A

ST o
O AR O Ll it (FHAE 5 HE N E 2 )
{2 Email gaokp @smail.nju.edu.cn
S HIE e
W I :
@ R
O fRe, PR G2 H H % 4. H H

RIS JE T e AOE SR m— I (R RET) -







	南大封面
	中文摘要
	英文摘要
	目 次
	插图清单
	附表清单
	1 绪论
	1.1 研究背景与研究意义
	1.2 研究现状
	1.2.1 机器人智能导航研究现状
	1.2.2 深度强化学习算法研究现状

	1.3 研究内容
	1.4 论文结构

	2 相关工作
	2.1 移动机器人导航
	2.1.1 全局路径规划
	2.1.2 局部路径规划
	2.1.3 路径规划集成

	2.2 强化学习
	2.2.1 马尔可夫决策过程
	2.2.2 基于值函数的强化学习方法
	2.2.3 基于策略梯度的强化学习方法

	2.3 基于强化学习的机器人控制
	2.4 本章小结

	3 机器人分层强化学习导航研究
	3.1 局部强化学习规划
	3.1.1 状态空间设计
	3.1.2 动作空间设计
	3.1.3 奖赏函数设计
	3.1.4 深度确定性策略梯度算法
	3.1.5 网络结构

	3.2 全局强化学习-PRM规划
	3.2.1 PRM
	3.2.2 基于值函数的路网联结

	3.3 仿真环境与实验分析
	3.3.1 定制化仿真环境
	3.3.2 实验分析

	3.4 本章小结

	4 局部强化学习规划迁移研究
	4.1 深度强化学习的泛化能力
	4.2 深度强化学习的策略迁移
	4.2.1 迁移学习和强化学习结合
	4.2.2 基于循环一致的状态空间映射改进

	4.3 基于单步重构的状态空间映射改进
	4.3.1 时序状态预测
	4.3.2 单步重构

	4.4 实验与分析
	4.4.1 导航策略的泛化性能
	4.4.2 迁移策略对经验缓冲池的影响
	4.4.3 迁移策略在局部规划上的表现
	4.4.4 图像任务策略迁移

	4.5 本章小结

	5 机器人导航系统
	5.1 机器人导航系统背景
	5.2 机器人导航系统
	5.2.1 系统需求
	5.2.2 系统架构
	5.2.3 系统效果

	5.3 本章小结

	6 总结与展望
	6.1 总结
	6.2 展望

	参考文献
	简历与科研成果
	致 谢
	学位论文出版授权书



