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CYBERPANDA: A UNIVERSAL ROBOTIC ARM
SIMULATOR TOWARDS PHOTOREALISTIC VISUAL
PERCEPTION

ABSTRACT

In this thesis, we propose a novel 3D universal stationary robot arm simulator towards realistic
visual conception: CyberPanda. CyberPanda is built on the most powerful and outstanding real-
time 3D creation platform: Unreal Engine 4, thus providing our simulator fantastic picture quality.
Besides, we employed Bullet3 engine as our physics core to simulate the dynamics in the virtual
reality. Meanwhile, we utilize the google remote procedure call framework, making the user of
CyberPanda possible to use his Python script to launch and run CyberPanda. Our framework is
capable of conducting efficient and precise simulation and has a simple and straightforward Python
application programming interface, which makes it really friendly to the developers and researchers
of the deep learning algorithm. The researchers are enabled by our framework to construct their own
dataset without too much effort, and the training of the robot arm tasks will also benefit a lot from

the high-quality synthetic data generated by CyberPanda.

Key words: Robotic Vision, Simulation, Deep Learning, 3D Rendering
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11 HAREEREN

RUEHEMA KR, s AE VR 24T 556 T 204 98 3 A HL Bk
i, B Rt | R g, ARk, PRREETRE ST AP gk 2%
B I R A B IR A BB RN IR T . 248K, 3K SUH MM T IR B i 28 ) 4% BRI AE e K
B P @A RS AL R R 2RISR ). SR, X FREER IR AY2E > Jr UK
BT IR RE RN TR B . — i, 45N . =R ARSI AR SE
VRIS T AR E B FE K, BRI AR AR BT BRASF R R sh AR P s 3 v B
WO T EREE AR 40, TR R B 3 ot TR S 75 R 2 NS R o 55— T, X —
WA ARG Rt , N DU IR —AS 52 5 n o] R AN (RT3 7. IS AN EE,
HRET R TEI S A IR e . AET I, BOkEZ fass N O T B EE
KA RN T A MBI RS . 07 BSR4 T 80 A BUR H shinid g #2, RAR T 55T
RS, T HI T A FE TS KRR 51 H O Gl iR . L, 05 BEREEIFSR
I EA ARG, JoH VAR A, A E 2 X EENE L, A LmmEE AM]
) K

IR A EIREEAE I AT AR SR TR Ay . G A A PEAR I BdE Rl AR Y
ERBZ NS, (ERAH R T 3 ESE W SEH R AE RN AR S s, EAE IR
FIE KA . BRI, #6057 B I 2505 2 i IR B 2 N 48 AR AL, E PR
S, AR BERUSMATHE S BF AR SR, B A 5 B R 2 5 L)
XFPRM E 2= R % T IS5 507 BOMRAE S Z R 220, X — R ZE BB EA
BIGEFRN “PSEZE” (Reality Gap). BUSEZEAUTE TR Z T THI R A, Blanigsefpdem m—.
YIRS BRI A BR, A RIGRIMVLIA E . AER) 2RI ANEREIREYRE R K,
{EEA B AT BTN S st AT HER B R AP R I . T2 OLT, BUSEZET
HlP) ooy PR, PAZR TR0 EEREE I 545 B AR B 5 SRR B B I S e ol T
FCEEST . NSRBI MR M AT 45 . FERX AP OL T, A ar gt Fob 0 B I B S5 22 iy ok
BIAFRIRZ, O T AR AR FLAY RIS, 58 2R e e A BELERSE T 2 ) e ELE RO 35
BB SR R AR A

AT IRER T R X AR SE ZE A RS, BFSE N ATIER S T AR O R, P RCR
5o LA TARA A 24 8 8 S =, 40l /@ i L SE 3832 (Extreme Reality) FUmFEALIL
¥ (Domain Randomization), IS VR —JBvEBANOIT | S pJ (i EAY s AR AT
REM I A VAT B B 0 SEbr st . HARMMBOEA - T mAHALELSEA9TE S (Photorealistic
Rendering) 5543 (Accurate Physics). Hi#& 8B A & 1 ] AHR B9 BRI T LS i vE
1M A2 20T B AU B S BEEAEE R A AL B 3k PT R B A R B, (Ao () 4 Sk e 1
Rar, KREMMPAKRIEERESH J5E 80X A N ) KA B 22 (R ) Rl 1 -5 12 S0 7
BN, AN AT T R 4 3 (L R B A 7 in e DA 3 S 4 R R . SBE AL 1L
BRIRI— s, Hordu O EARYE TAERS N2y, o A 8580 A R R T 2 1l
e RS B A R, T2 X7 ELERE PN (45 B R AT RE LA e b B IBIIION iy a4
IR PRI AL . DU A B 55, RTINS BRI T 2,
A ARG )7 (IR A FE AR 5, SRS ERZ AR, DUHE B S = h 15
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LR iR SS

TEA T T, FRATT 5 I S S 5 LA 3 A WL 25 5 e A 7 S A T 1) EL S
BB UM 07 BB, AIRIS S0 BELACR , HE R Z R 2 RER MU R 55 1
WZESHE . A5 PAREL]S | % 4(Unreal Engine 4)' M EEG, R A T Bullet3* {4y Hi5 | 4
MEZIB I B Y o TR G R, S 4h, T ) RBF TAEE T R S, 4
SEGTE R POl T A MR R R ] 22 4E (google Remote Procedure Call)®, 3 S2Hy
Python J} Pt FIoT- 5 IR 45 ik 2 () AT A5 5 3, AT 08 T 5 VF 2 8 2 STRE R R R 1 3
7

A AT AR G B AR LS TR — . TR S IF & AT . BT DATE
FA PSS R . SO R AR BRI G SR — S IS, ATOA SRS g
HEZUSRAS; . AT Python JFRF T MAL:, wERIBHALAEMIOATLE, (M e
SRR FIMIER A = TN ELSETGE I Y FIR, 72 REXI5 ] EE A Bullet #7315 |
B MDA IR . RS SR, AL AELE B L B A R R
R, AT DALET B R A IR B

SO R (s R 24 B DL R TLAN T4 SR AL 55— B e A 48— e F A F- & 1 FF
KA AR R 6 TAE, HAHH14 LR RRIE S B SR aNaRTEs
MRS, HLBFBENFATG AR 25 . YRS 8 i &2 5 ki
FIETRE; BB AT- G TAEIAT IS, HANLTIIAR L2 AL, 4 R 7T g
F By 1] o

1.2 CyberPanda B45E il 5ThEESS 4

CyberPanda, 2 T ] B 55 4L 52 J8% A1 10 38 FALBVE 05 B & . @ UL, 510 2
P22 FAL#E A (Universal Robots) 7 ] FF & M A /EMLVE R0 7=, FEMESH
UR3,UR5,URI0,URI6 %, [RZ508 &R URI6 FHULAE, Wi L& ME L. MR R
Z 52 UR3,UR5,URI0 ZFIHIAE . X = FHUME R EM 3 ] 10 TaA %, B TAEEE
M300 mm#|1 300 mmAEE . 8@ HVUE AR TREIPEE A, J&TEER (stationary) Hlgs A
f—Rh, FER SRR EN, BIAFUK AR EY AR B Y i 5254 E
55 o XA E AT 55 W4 5 2 R DU LA T

o HEUTARER/N, FUIES MRS EER RN, W AT 55 BRI IR, 1% T

e R I T oK (BN RS R GRS R A B

o FHEHEENAY ARSI TELL M BEAZ B, AR B HUNTE U2 WS A |

o HRAIGMWHHE, UR RFIWMIEA 6 ANIEfrs Ay, JLFnl DA 55 TAE RIS i) e
PoE VO A R RS

EISTX AL, FRATAY CyberPanda L= NI RATSS, AR TAT
ke

o AFTIAFA A CHHIEEIE AT 5, WAl PAf A CyberPanda Fil (1375 .

o HF I PAE XN YRE R, flingati, &H%

o FTIAE FA A SN, XHUMME. 5. B, (08 R ICH 251

AIPAE X, AT PAIE i CyberPanda Fu B B A6 AR S At e ) A it -

!https://www.unrealengine.com/zh-CN/
Zhttps://github.com/bulletphysics/bullet3

3https://grpc.io/
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o JH R DARE ] 2 A ORISR B, 19040 RGB AHAIL, PREEFANLAE

o MIFAIPAELA UR R4 0y HALE , 0 rT DA S HL8F N :4E R SGE (Robot Operating
System) filf & LG —HLas AFHiiA 2L (Unified Robot Description Format) Kz A H &
PE LRSI

1.3 HEBHEXES

A/NTRF A — LA CyberPanda H AR SCRFRUAESS, F2 2@ R H4E 55 X T i Ay A
[T SR AT, AR BRI 2 — T A KO

1.3.1 HHEEMT

G BAEHOL R IR B E &M 4 K, (A8 H R E AL T (Monocular Depth Estima-
tion/Recovery) IR J2 JL-F Fr A WL ALGEAE 55 RO BERE , e Bl NBOMEREE . 2 R Ry
KA. MERRRY B H AT R G5 R AT DA DL NS i B = A 5, IE R IR
BRI AT o

BRI BT 2 SUE R 845 — 3K T4 RGB B, XM
HGE(E AEMPLNZE MBI T). L) 5 H R i 3ks TR A B AR,
i i E5JR W] K Btk (Markov Random Field) it 85 BV RE (S b7 B2, ) P S R (B8R
AT, RPN Rl Y R A A R (A )L

T PR IR 2 3] Jr s A B EL TR BE AT LA P, Bigen 45 A9 LA 2 iy AL
AFFEN TAE . ZEMR B 32 T 250 Alexnet! ! (g 58U 2 M 4% (Convolutional
Neural Network), i & i #4712 )2 (OFFAESR I, FRAE 38 20 R g AT IO . (e Je iy L
frr, BT AR O (B GG AR T SO R, BT I I 45 4 R
TAEER, MR T N-#% (Encoder-Decoder) 45H . 7 Laina 2 A T AR,
AT 22 RS TR A TN ) ] 0 8 A b s, T8 P 30 5 AR ) 5 YR R A A P[] 52 1 g A
AL

xR H AT, (7 EERSE R R SR U SRR R B A B, I L
25l AR R IR VR B X (Ground Truth Data), X $8HRF ZEAN R 1) {2 i b A T
HSLIL o

1.3.2  #E3)h

He DTS AU R AT S5 2 —, BIMEERA T (Gripper) FBLAHE R 68 52 Bids
SEMHESNAT S . R EIOHESI AT S5 IORTSE K A T Lynch!'S!, (e, bl s Bnag b i ik %
AR BRI AR JE T 5 A R HE S B4 LB 57 1) — MERF S 2 (Quasi-Static
Planar Motion). FEHEZNAESFHEFEM I, DF9E A RATT B KT R)IE 2 2 Bt (Contact
Mode): 25 sh#fil (Sliding Contact), V& Z)j42fill (Rolling Contact), 1Y 2 [ € fill (Fixed Con-
tact), I RIBFFERZ KT HERS AR T I B X H R G s, 22 M3l )%
{1 £ 35 e Y A2 SRR 0 10 o A Rl O RIF S o OV RS T M) AL A Sl 7 s T B 5
TR e WA ESh B B AL E R R MR, HESIEER A e, flanfeErlas A
P AR TS h, HESEERT RE R T R th 25 8], (HL 2 IR e
A ) R S o
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HEBIAT 95 BB PR, XTI FE TR B AR L, AR AT AR HE Sl R b AT 48
o XTHESML S P AR, AR JLAS T RER AN & BRI 4 A

o MILIRARNTE S

o M IS
7 HMIT BB % BA BRI RE Ty, PAYIMIE AR R &35, ARG R AR E A

1.3.3 PN

XU B 55 A BT SRS D SRR, S FAIFTEAY f P e e T AN A T B
F45 (elastic fingers) A THSEMAES . JLAFE KRBT T UBE , BT S5 1B 500
R T AL R R = HE DL E IR 2R R

T EM=AE R i, Y BIR C 2155 7 e BBEIT, AR A s A TR B
(¥ PR A2 R e [ v X PR R 3 1y SEAR D S RS BB E 55 ok T T
PUBAE 55 poFE il it , A TR AR : W TR R R A TR, 2 BEHHE
AT BB IR TR Y T S S B 0 5 v e = 28 T 45 R 1K AT 6D RS I A
FHMROT ity i B DR AT A AR BT AE B 2 SRR (0 B R 7 ¥k R & T VA T e DA S i
MM TSI, FIangE C @B /R T o IR SR 55, TR RET R E
PR BCE Py PR A I P 14 _E

Xt AR = AR A W AU, W58 N AT T OB TR B 2 2] ORI T TR TS,
TR T VAT Z R R 7 58+ B ANAE = 24k 25 ] vk P T P A B A T AR ) 25 25 [l
PRI S o R AR R A X R R LT T4 B, S AR U A T A T
IR AR 12RO, gk S BeRG I 15 48 2R 1 R T DA P TR 28 I 2 4 72 >
Sk .

XEFAUBE AATURAL 55 510t , SRR S T S0 A A OLE @, AR 2 5 14
BT HARTHR SR A R G A SR AU 1 44> 1Y, BT A B f o g 4y 2
REAZ TS ERR T L.



$TE HxXTIHE

TEARTERA TR T — LR T A G W IF AR A A SCRIAH A BRI, 0Ttk
IR s, Ul MANT2 A B9 R1HT SR O RUAE . [RIIN R 20 — e AP 5 I B RY BOR
TR, XA DA FRE o

21 HEMHBRME
2.1.1  Actin SDK

Actin SDK'J2 i ENERGID A ®IJF 41, Thlf)) FALE AN, S84 S mIT 23
BRI bLgs NG 50 B . Actin PA OpenGL 1 =4EEIR G5, DA ARY TRAR (10
Yisin| %, H HEEEARZ -6 SR PEE . Actin fERFFEAETHRAE T SSmHibL
A NS R I, BRASWE R DAV IT A . B A ARG R PP ROR [F] () 255K
PIA A SRS M 78 Actin Hr, HLES N3 BT PR se et B BT (CAD) Rkl 4
AR IR 5478, ARG S B BB SRR A R AR A, B 2 — SE A Y M
PEFAE . X T 208 N BEAD R TAEEEE W B 2 DU 115 0L, Actin N'E T
SEEFAERTE AL AR R, AR PR R . R, Actin BT & S48
M, BEEEARMEAR Tl g5, WA XS A AT 2V . Actin 1) F2FFAF DA
TILA:

o TR G HLZMN I KT, T Actin FI{EH

o PR TXT ZAHLER N ECE ZAUE ) B R 42

o FRAL TN AN AL H 45 ] P (Transmission Control Protocol)

o N AE AR P A AR AL

o PRALT R IR AN DA S At (VO) SCHF

o FRHLT ORI CAD HLRIEs AN 7 =X

o AT MMl NIRRT X

IR Actin FFR I P LAKA, T HARW AR ) 2, ABHAL D ReaE, TR
o Z A — W DAV BB B A fE 2 3. FF BAEH B, Sy s B AR S ay L
ar N 505 B IIRE, WA G R BRI 7 > B 5 R AR RO, PR At th B3 A
BCA LAV FF R N S A R IR EE 2= 2] P IrR AT B L. 73k, Actin N2 FHERY
B, T AR SRR AT B AR A 2 — R A .

2.1.2  V-REP/CoppeliaSim"™"!

V-REP(FL.E, 5544 >4y CoppeliaSim), 2542 EIHL#5 A SE86F-4 (Virtual Robot Experimen-
tation Platform) , /&gy Coppelia Robotics Ff & ) —k A Mg A B, PR
AT PAXS I S AR — DR T ], Blandlas A5 ERPUE, &8s, s MLy
K6, XA FE T P& B bR

V-REP AT Oy R ECE 48, M@ R T malnik & . Tritis &, V-
REP [ R TS SZ i2 AT, HF BT DA L P F2 0 2 5 FF e AR i #EAE . V-REP fi

"https://www.energid.com/actin
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T W BN =4E G515, 1] T IFER ODE/Bullet/Vortex/Newton {4y F4) 5 [ 4
H HAS G @ AE IR ISR #EA T A0, JoBEXT T IEAL X R5 K B ACkT . V-REP [
RARMESA LW RTE, P AER— iR A B B AN, 508 F et
FEVE A AH 232 0 B4 T B b i 4 161
V-REP [t B EZ MU FE, A Mg, 5it35 A Joint), %42 (Path), EJE
(Shape), FH#L (Camera), Y& (Light), fR{4& (Dummies), 237 F %S (Proximity Sensor), &
Yuft gy (Rendering Sensor), Jj2¢A% @#s (Forces Sensor), 1A (Mills), F1% 45 i (Graph)
FRLE, WsiH TR EA RS .
V-REP UL T R 2R354, AT AP HER 26178l 12 it 5, ek ik
PRl AR A T R A DU S AL, P S T DA LA BB R T AR
o IE [ 5 5z w13 T AL AL T LA A B) ) 2 AR AR v Y BELE Ol ik
(Damped Least Squares/Levenberg-Marquardt Method) #EfT3Rfi#, X Fh 1A BENS St
X AR ) 67 BT HER R TH SR, JUHORAE B AR A A S A Y It BE A E

NRVENE/ IR
o IR B ORI T Bullet /0BG |58, F 2GS WI AR HURIZ B
FH R AL

o HEARRUIIARE T og SR LY R B SE B R A B AR A, JEHOR IR SR A
ik, RO RIS
o il RS AR Xk PRI 2 [ P AR 249 SRS 1 B o
o FRATIT TR XTI 2 18] B Bk B T 5
V-REP Joft N ICHOT BNV AR PF 2 AR, LSS T8 HE T AR LA 7 1
o FLABST-GERE AU SE AR, BTSN BT AT S S50 %
o WIHALI L LA KA T3 I S SRR E T DA A BIAS, SRE TE R A
SE L3N]
o MRHBE KA FEZ PRI TR, V-REP F T S1XH A4 IR P G2 A7 SR
KRR 1B TR .
IR, VAL RRIIT AR, EWRAE W RAYREN . V-REP (] ) —4EE
Pen| 8, FECEMERSCER R, EFi6. SO0, GRS WAAE MR, X
X IR BE 2T O RAR R SR PR 2 ELAN ARG«

2.1.3 Gazebol®!

Gazebo, 42 Open Source Robotics Foundation fff I %& i) —ik = 4itlas N2k, (T ES
MHRFREE , SR T R BTE 45| 2% (Object-Oriented Graphics Rendering Engine), 7E4jFH
SlEm, ERAET—MEHMMSZE, MA A2 ODE/Bullet/DART/Simbody %% Fif
P |4 . Gazebo HYP)HRG |4 iy 2 FhEak s L [F L8, A B M MR BBl B .

FHXFT V-REP ZESE P2 IRk 1t , Gazebo $2AE 1 BN == & 1 & 5%l PABLIRSE, 40
P PE & BT (Inertial Measurement Unit) F142 Bk i 48 BT (Global Positioning System).
Bribz 4h, PR RT DA E FO1E TR RS . O T B T i A% AR R B T
SAB A, Gazebo IR TS, TEOFESIR Fhn BT W3iee Bas i .

Gazebo FIN I +43) 7z, AETHETZ 5 BRI R, Gazebo X T AL
TEENIATAH Y AR, 7E=5MA 5Bl b 4R A 24 m 7Kkl . Gazebo Hr)

5 6 71 3k 27 1T
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BALER AFREH T ROS (B EHESE, A 2 HTE T Bl B354, GENLEEA,
PO RATAR SRR E Z g A . R, Gazebo i A T ML BA, HAFSE
N G A AL N T B s B S il d At TRl g
XTI R KU, Gazebo 5| AYEH MIFREMEFEAH LA LA
o U RS T A 2 AL GE R B A: 9 225 | A B [, R4S T S A i F
R
o RIUFITIY YL, X T Gazebo NARRYHE—2D H & IFF&HF AT DA a1 75 20k S 8o
o MAATINSCRE, W DAE AT AT M AL T A AT
o JH P ui AR 55t o A A A, TR ELAE P ) QT At T A S WL TR 35 ) P At
[P
o ZAFEFAR, Gazebo (115 Hd W] PATE Amazon,Softlayer 45 iz 55 #3 1Y 2= I AT, 1
AR T A, DRSS T Y P R R 55 3t 23 B AR
o XFTHLER ABAYR)) 2 SRR, Bl Actin R 58 32 24 2 TH 7] UR F 5 AR BT il 55
1M Gazebo B2 7] PAALE T PR2, Pioneer2 DX, iRobot Create #1 TurtleBot £545 A [A] 1)
Blds AEAL
o RIFHIEFEMEAR, Ban T AL SR, Gazebo W] ATEMR S 4% LiBTT,
17 FH AT DATEATAR[ i F TCP/IP {780 iy 0 2845 gkt rhr A TR g 4 1
Gazebo XTI K & W B K AR FIHE T B IE B SE B T P 5 55 i i 4 85, DA JRFE
i EIIEE, H HRRME T AT TR AT RE, BOR B AR T AR A i JAs
Gazebo A & Z AETE T i) OGRE 75 |45 433 5 I a6 R AR A vt AR Y 22
M TBITRCR S A, FBOE4H >k OGRE IRt K Z i 5 £ 205 [ #0H G2 5
F RGBT, E L i T o T K

2.1.4 Webots??

Webots g FH % SPGB L T2 B A% (EPFL) S th iy, BUFE H Cyberbotics Ltd. 4E3 1 &
)& =R LR N0 B3R 6. B T I8l 715 1% (Open Dynamics Engine) [#)—
Aoy SR EE S 18, T R IE g T HAE N B 588 . Webots Sy F PR AL TP fs
AEpTEMAR S, HFH AT AR B R E S TR B RE AR, R
T LR R . Webots P T BN i T R, MRS FRE T VRMLIT [
W, R AR R4 B E (41 AutoCAD, Blender # Inventor) 3625, [HHHIL AT DA
AR R R AR AR, X R I 2 IS A B AR .

TEDF EMLAR A BB TH , Webots t o Hh 2 2 4k, Webots S {ff EHLAR AR T 24
PG R S IATER TR, BIANUREhES . ik, RAHes s ss, MR FEE THIEEARY)
PHELZE . Webots MLa§ NIUHEHIFEY, R riFZ RMmEIES, £ 20 AH S I 4R
HE X e-puck SEHLAF NI THAE . [RIF, ST R SPLEE ARy JEALHIE, Webots i fit
T HESYEALEE NPT, R PR] AR R B LA N B A TR

Webots [ #54R B S e T ERE SR E, Bk e Wyl 2 BN H LR Nz 5
WA sl KRB R . (H@R K — Bt E A Webots #R @A R 7R 2L A VAT R
BAFTA A2 S SR IR T R B, DRI LB i 8 DT TR AS B HL B TR R IR BRE5%
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2.1.5 CHALET®!

CHALET, &FR/& R4S /R F 5T | 424 > 3185 (Cornell House Agent Learning EnvironmenT),
& H A IR ORI R = 4E S N3 5L NI E il e . E 5T Unity3D 5471
K, TR A EE S 22 Unity (9 N EIRES [, SRR R R IR RS s eiomn i &
[ I ] ATE AR Z2 W1~ 6 28 5 i 14 IR 95 4 T2«

HHEEMOERSE G N TR P A 2@ R A, CHALET HOWE T 10 4
55, W S8 AR BRI B M S FrRI MRt FE, WG, 287, B
=, BUEES, NEHRREMEEL ) WEF 70 MR EYK . Hrp— 2 2R RA
ATORAS, BIANW DAFTH AR T], EfERY % . (M, CHALET A (28 TR pL b i EAR
XYV RIERFIR AT TR B A, T 330 REAFEYE, PAERIRH G T R
AE TANEIR A N 249K, 3628 5 R s ) () AL i A 2 LS BRAEAE Y , Tl & CHALET
FE &AL ol A Bt i TR iy, Rt ps R A BRI AR S A0, T A A Bk
HI AL

CHALET L N PAZE — AP A AT ERAEAIE AL, R4 it T PR 2 g B A s 3l
T, BT — R ST EEEE. [ CHALET Jy 54 Bk Metk i 18 5 il
PRAZIRRIAAT 55 3268 T R -5 . CHALET B4 e al N ER i & L FAH R g ik, #&
T ] BREEHEAE ALE b, SRR TR LR 4 B R RELEALAS A e L3 A AR r B
A, SRR T Iy 6, B SE Y BRI T _E R R R AR T B, RIS KRR
TAES ) B RS S R AR

CHALET WEHFET B HAW T 454 7 BRIXZEZ 1) 58 D4l sny 10 Mz, 1
A AFARBBRRY G, IEERE AT B EEENG SRS, WA B
B E il B OB, ERntdnie, —RXLE A E CHALET Jf &% B 2
AR SRR, BT AW AR A Ah 2R CRR AR R RN, TS PR i) 3 5 b 2 G V2 IR
)2 (clutter), FEIXJ7 HPFFESEHYIA S T — @ MR AE L. BRittZz 4b, CHALET ()45
PWAS I — T ERKRAHEIES TH PR R0 BB, a8 PRSI sde
P THE B—Jrm, BRI EUSIR T —0M, FF HALES N4 5T (Mesh)
ATEATE) 5 &N -

2.1.6 HoMEP*

HoME, #2545 B 5 (Household Multimodal Environment), & —/NAj[A) 2 N &
REALES N5 1 = 4E05 HFREE . HOME $fit T ZHUARM A 2R, il (ss, Wriafs
5, B ES, dEES, SHEEE R ERRBARN S M TRXEZRHEZHNEER,
HoME 1|53 T AR B 5 | 88 E 77 B . Panda3D 12 EUR 5 | 304 T BB R 1H5E ;. EVERT
Ve 2GR HEGE B (ray-tracing) B $ AR SEBL SN I PR 240405 TEiE L5135,
MRS T — BB R SO A TE ES, BAE ToRR AR B, 5.
M. R/ Bullet3 fERRRG 14, HW AP AR YRR A it T fh R 2.

Btz 4, HoME i 45 1% T 8 45000 Fi>k B T SUNGG $ldEm =N e, HEEE
L2 Tl e N CHALET, Ff HEE N E 212 SUNGG 4 i) = N 37 5tk B T34
MR A S P T = 4E 8, R[] T CHALET th N T2l = NIg5, Sm & Ese
FITE L. BRitz 5h, HoME ifi 455 OpenAl Gym HHARA ) Python HEZE, HiE G2
B R
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HoME {1 2. 25 L HAE T EP0A H MBI al g il i) == 8l , R T2 F+E,
B TR B, IR ARG S, AR RTE SO RIRRE GRS HERE. (B2, B
WS B2 558, HOME H 3 5 R B BISE TR Gl A in fb 5 2 B AL £
SHEIENYIME RS SA —E M2 HK, HoME (i - i adlas AR5, Hikid
BOH INEMIPREE H Y ABGES B L, 1 A RERIR T — 2 s R 3 1

2.1.7 AI2-THORP?

AI2-THOR, 4:Ff/& The House of Interactions, & — VT AHHLESE AR BEIAT E 22>
HEZE . ARR-THOR H a5 T RS =4E 75, (15 R REPLAF N RETEH b U T & AT
% . ARR-THOR UL+ F8 , WA A2, HA R BT 50 0 R BE 3 A 2
>J (deep reinforcement learning) , 1,1 [1]451/52% >J (imitation learning) , F&7~2% > (representation
learning) %5 Z FEALI)2F S HEZL RN

AI2-THOR e fA ML BT Unity3D HEZE, {8 ] Unity3D #E X IERIE YL L, Bl
AU DA B B = 4ER i@ Aeds (3D modeller). &) P, AI2-THOR 241 Python 15 114
H, A s BisE s R vk, F Bt HTTP $pE Unity3D AR5 1 41740 H .

[ BV 200 EAS AR A2, AIZ-THOR S5O [RYARY A .. 7 AI2-THOR fy
Wserh, RERWIEES T #ER, 3 B PR NME7EPITIE, AI2-THOR #k4: B3
A B 1 json SCHRARRREE MR RS . BRIbZ A8, A FrEAR) 2, AI-THOR 1%
PSR, BRI oH FET TR, Rt S SR MR o (e 7 L3R o
R, T e AL BB S RN TR 08, A4 TXERAE Y
Wi e T 7T LRYEEAL (refinement), $i 137 SR I SE A 2 17— RO LI 1

AI2-THOR [fE GRS 5, B T AU LS, AIR-THOR R {1 i Jy R
IR o AN SRR P B E ORI, & 2 B i B %555 . AI2-THOR 145
BAET X T E NG AA S AL = @, I BR85S M & AR IF 45 B e B AR

ST B

2.1.8 MINOSP®

MINOS, €2 L 1% BResEA % N5 B 4% (Multimodal Indoor Simulator), J&—3&%t
ZAL BRI AS A (multisensory model robot) 7E52 4% % NI H br 7 1) BUTE 55 IR £
HAEE. MINOS FI ] T REM ENIAF ARG, 45 T2 Fi HOME {5 5-F-& Fr i i
SUNGG AR AR S, PAS Matterport3D %A~ Hy ELSCEHe B A 45 3 = 4e il 5, Bt
5 T I 45000 AR 90 MESL R, Bia o w g, TR TR K
AT 55 BOAH 24 Pk sk

MINOS =2t T = AT By & i, 3G FF5ERY € i (Environment Configuration) , 45 ]
PR PR (Agent Control Configuration), DA X% Jias B it i) 22 ] (Generic Sensor spec-
ification), 7£ MINOS v, L NRERLH— MR 25 R R R AR R, HAH R
P B BT BT R R AR DA P . MINOS it T— R i, 4
Fo 4 A A R S 2 FR T AL AR e, e TSR R s k.

I, M2 E NI Edr, MINOS @4t T 2 s R BNl N BEIR Y
A, B

o Mtk A FIFH WebGL A = HEJE Yy | A5 S| AH B 1 ] TR 3R

59 m 3t 27
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o GREEIE FIE YA Lo UMM T G A v B R BR EE 21X (depth buffer) K452
IR MR R TR

o RITRZ M YA R T EAAS3

o PRSI AP EES HE = 4R AR B R AS I 155

o TS M REELE T AR R BRI R

o HARA ML e I B BIANAT BER R, Y B Af7 EA

MINOS 1E2 2 f B las AR, HAn Al 4, % 7 A R RS2 3R
5, FREMPREEE , W DTIFHEAZ RO, b A R 23T LS AR T i
Gy, AT B AR AR AR

2.2 CyberPanda {§# T &
EAT, FRATENZH—2L8 CyberPanda SEHLE R M TR, PARENHEAD)

>
(aYay

22,1 [ELI5|E

HE4]51 %8 (Unreal Engine), J&H Epic Games 23 &) & 1) —giEak 5 2, i FOR IR T 1998
AR — AFRIL AR S5 Rk Unreal . B SR FEL) 5 38T IR A R a5 e T & T2 B
{HEFEE ) 12 W T ARk I & v . FELIS R RAE L2 CH++ 1B S RS
Wy, PIAREA TN, R EE RSN -5 L. 7E CyberPanda Hr, Al
T HEZ15185 4 DASHE SC 1) a4k S B AT 52 il B R

JEL]S R PIGe4r AHAGR K, 7E CyberPanda m{ifi F 1 - 2230 fig

o [EXIREEEE X RN E I IF LIRS, CyberPanda (15 TS TE R J5 AT ATE

REZI A . BRubz Ab, IS AT AR ) g ol At R 5. Hb e
FIHISA -

o EHBAERL ML) T EEAAS 2 bR SCR AR IDGE A 774518, I HOXF Python IS8
T KR, FILASEMTARRARD B3k, H S TR A AT R A iR
CyberPanda & J&z 5l i i) 58 BUAE 2 MR T It

o ZimZkE TR HE2)5 480 dhim gnkE T H A DA s 2 Z Wtk I HE AR
FIPEAREL, IR TIRAZSE . IRSHL. IE R sh Ji2a% ., Xk £
sl L5 B i A PhysX P35 SR AR BT SE L, 249R7E CyberPanda H13
X — A AT T HEA

o JHYLEL HEL)TIEARML TR AEYIIGE, 3G TIEEMEIREY, RGN
. TEEMRMEGE L, BLIT R TOIMERD LB A &=, JF
WA 2Rt A . CyberPanda HOR il THIIEMTE B, NS, BLI5[%
I RESHR AL F = 5 WA FRACR (Post Effect), BlNFiskizot, mIGERCR.

CyberPanda J&1/E L5 41— ANiEk 3¢~ TREHEFTFF &%), CyberPanda H A5 1) 55
il (instance) ER 21 A HEL] T ZE 1Y Actor A EI B H ), Rtk CyberPanda [ A5 s i)
AR B LT 5 B TR B Bk i SC BB AT, P AR BB IR CyberPanda [R5 1, H 2L A
uproject SCEEFI T ASHLAY HE X5 | 8828 1R B 1) TAE SCEERIWT .

2510 71 4L 27 T
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222 JRAIGIEAET

LI EA BRIy EbE, R/ 2D aeER v DA I~ NTF A3 B & A B>k 52
Pl. £ CyberPanda Hr, =Bl I 5| =ANAH A FE (-

o InfraworldRuntime' : 322/ i 24 gRPC HEZL i A HEXTT ¥, i 7o ] DA it A
R 9 3O R £T5 | B A 5 32 TR C++ WK, 244K, #E InfraworldRuntime
BAGERAENE PRl Y, 5 CyberPanda A1 FAH ., At CyberPanda Xif
WER T T TER, RGN A gRPC )— AR =Am e .

e RuntimeMeshLoader > F: FE T A2 LB TR AR, W AT LAFE B Cyber-
Panda B H LA 5.

e UnrealEnginePython ® /& 45 45 [ 44L T % Python 711 345, {22 CyberPanda %
REZIS VB PAZ DR T TS, I BB R 5L bRz W FE ot ) g 20
JHHABE) Python R4, [P m] DA UnrealEnginePython f7i{4-f Python [ HE4U#/L
(Python Virtual Machine) i A Bl 415 14 %, M7 1) Python JHi4s.

223 WG|
PRSI 5 | SEAE AL B _ LR iRl , 43 B AL GERINUIRAE 3 125 R I ek 5 |
8 HUBRIAE Y F124 1105 | 3217 1% 250 5E MATLAB Robotics Toolbox, SD/FAST DA OpenSim
A B AR I e A B S R T 24 ORI B AR B E R AR AL
TR, HCAN S IE A 2 T Bl A, B R 1R B TR B AOR HET T Rl S . i
X5 %) AL L4 ODE, Bullet, PhysX, Havoc 45, XK Z R HIBC N B E il rl A5y
Y, R EE AL A R UK AR S AR AR, (E TR B R 2 A AE T 136 Bh 5 X b
B FH B AR A R A PR TR AR AR SR, AT 2 25 T ARLALL SR A T 1 T B
1€ CyberPanda [ iR AT, 48 T Bullet 5 B2 LB 5 [ #5 . Bullet 4 DA N
FL S
o ZEHBIRE Y] Bullet SCRFZ A EIE, GHEBRIK. FIAAR. BHEAR. DARATEIRRAY
(R W N AT Z NS
o Gl fE 77 Bullet SR IOk MR 74 2 A I PR A, o
o XTI B T WA RIS, Bullet 34 248 T K P)5 ] A8 TE WA 11
PrHAEAY .
Btz 41, Bullet tAFE T 2 Ip 8 a1 3l Jy2A Bl X T E ML N AT AR, 2
B ARV

23 AEING

TEAE S, FATHE TN —RN 4 T ZHAHKI EAPLEE i BERs
ot TEMNRENILS . XETIERSBRZEPE: RAEERICRSCE FEHPLE LR
MBERCR, SRZXETHLEAAS D AR C 28 5 PR 5T 1) 3 B A5 AR R AT U2 . X
CyberPanda " {#fi FI B T o8 THHEAT T RIS EE . /28T B 6 i A S RE A S 32k
FOX LT RN .

'https://github.com/vizor-games/InfraworldRuntime
“https://github.com/Gamelnstitute/RuntimeMeshLoader
3https://github.com/20tab/UnrealEnginePython

11 T 4L 27
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TEAE S, FATRXF CyberPanda FYHESLESHAMISE B A ZHANEAT, R H AP B AR
SR R R . E Y RSO N

31 EFMSREN
AT, Ao T MDA M S BRI M7 L

o it
W5 (Scene), TEREAIGIHEHWPHA Level, & MR ITGERA LM, W T
TS, VU, eI EYR, DA N T A YRS R, S P REl
g —BAEM BB T .

o PuATICHE
PATTCHF (Actor), TEREZ)TIZEH A AActor, Actor 2 —FHlIRINE R, BAHET—Y)
AIDABEERA B St B R, JF HAERER Rl & B CAiGE. Actor 1] DAZ H i
P R TR, Heans s o AU BEE BT 0 14 . Actor 7T DAZ MU
WA SRR, Heln CyberPanda gV 2 757 8 ATIEE . FEMGERE i FE T
F ) Actor,

o Ak
& (Agent), 7 CyberPanda $5 1) 2 [E 5 s MU, CyberPanda 1327 248 (R i
£, WP HEE T CyberPanda fir# {1 Robotld Ak AT PASE BN BE A 1) 12
— 5l o

o ik
BYE (Action), F51/2 CyberPanda HrBEME4E HIAUIME BT 52 LRI BN A, 0 9 aE £
BKEE Bullet 5 2T ie i ook s i, IR T 2 Mhafilii=.

o Pk
Pi{k (Object), F8I12 IR THUE Z ANt WA Y BRSS4A , 7R CyberPanda Hr, K
ZRCRER R AT, (RS RS IR AT AR A

PA_Lf# /2 CyberPanda H £ SLFIR B, 2 GR35 E 44 CyberPanda [ B (R HE L 2%
.

3.2 HERGH

4Nl 3-1 frzsly CyberPanda (R AHEREEH , H A& Sk i 07 1) Fn B R 1) . A
HEZRBI 7 T = ARy, MARBBI A Thni: Ean @i, witdirs
CyberPanda YEAT 2 HIH Ty, T AT AR i R R A R SCBLHERR () A 1 A8 (AR o0 e KR 5 |
2, RBATEERER LRy, TS, TR RS SO AR
HEEE, MO NUS S TR, H TR I SFE 55 . IR TRZ— 4
X =AY

12
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Python i P

gRPC BS MY

[

35| ERE O

BulletZ /i BulletZ Fufs BulletZ i

BulletfR %5-ifi
d 3—1 [ # CyberPanda 44 245 #

321 ¥Eiilgs

HHE 2B ERE AR, CyberPanda 768 5 1 KBRS Z MK HE RS
w2 R 2SR S Xkt BanE T Unity3D 1) AR-THOR IA%E, {25k 4
AT R, AR s AN s A SR B ERE S, IF HoREEA S ESI T2 5 A 4
M . SRR BRI, SRERIRA B T S EGR S . XN R 5 2 P %€
X, BIFE N — MBS K2 BT, 5180 TSR0

17 CyberPanda fr, FRA1RH K252 MLst— RS D Be (59 HEE]
%) CAWEAE RIS, T A RS R A T BT . 1E
CyberPanda H, AR ZEX R0, BI— 0GR R e o A ok 55 )
TR TR N B R R

1 CyberPanda W1, FA1H ] gRPC VN im i A2 A B0 T2 . 8 P 5 IR 45 22 1]
SR ZEX W RV AT, e P o S, DU SR S8 10 =R s 2« A 1 ik 525
AR ANIR AR 2 [ 1) iy S N S AH B4, AT SS 28 w8 F T 35K BA%1 (Request Queue)
Fillal &2 BA%1] (Response Queue) > 5L A8 I ERA T4 o 115K BRI i@ 45 e A 48 2 JE ik
BEERIBARESHE , 1M 2 S WCE T RS A Bl XA BRI 2 R A
AR RRRA A R, AR P AR B O 0 Sk N A AR S [R] B A i 3K BAF
o, [ AR [ A A P A, HEIAT O H AR S A B . T IR 55 i P S A DU R A5
SRIEW RS LHEIR, SRRRERIEDR, 2GR T, IR S5 R A A
BB . XA AR R A A AR S AR .

void AsyncCall(String context)

213 74t 27
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{
AsyncClientCall call = new AsyncClientCall(context, this);
requestQueue.enqueue(call);
while (responseQueue.head (). thread != this);
/BRI R AR R ATy, MEFE
Response response = responseQueue.dequeue (). context;

return response;

}

void AsyncResponse ()

{
this .sleep (requestQueue);
// X 2 requestQueue W 2 F 155 & kB2 € L@ ek iRy R 5ok & A2
AsyncClientCall call = requestQueue.dequeue ();
Responce responce = Proceed(call);

ResponseQueue . enqueue (response );

gRPC EARATEIRL, FATRFAE 4 CyberPanda BARIIRER 2EAT /14

322 st

W 3-1 s, MR TA P B N BTN, 530235 P LK
AL A ) 14 . 1 3-2 i/ T CyberPanda H1 iy Actor [ 447K X & , ML 7E CyberPanda
% 1 114 & URDFAtor, 111 HoAtL 7 49 44 ) /2 PrimitiveActor 4 ANIRAESE, SRR HB4 1 1 4
CyberPanda K fifi 158 —HYAil5 A T PhysicsActor, ZkK T ELI5 14 AActor Y 54 UL
k. 249Kk, B8 T PhysicsActor X BRI R Actor, CyberPanda Fif A -2 BFHE Actor,
He i ServiceActor, Service Actor 23 SR A A NH B IR 2 ait BB sh—4~ Actor, 1
5284~ CyberPanda [ A 1. A 1) Actor #i4k7K T BeginPlay 711 EndPlay i /5%, 7E51%)H
B e LA R Y YU HE Actor I, BeginPlay J5iRHER AT, BEAHIZ A Actor BLEAZE
W, MAES | BB E 48 S H S 5, EndPlay JyyE# R 1, (EAHR Actor A

s,
ServiceActor 7E#4 CyberPanda H1 T WL E, BRI FEINEEAR AT JLA:

o VENFETHIME— AT, Ml JrA7 1% CyberPanda ZH {4,

o HTTYEYT gRPC WM HIIRE, MRS Ko K155 .
o AEdP I s IS [ BRI X Y. e 2R

TE 322 R T i b, FRATRE B/ 433X L8 PhysicsActor.

3.2.2.1 URDFActor

HUAUEF oY) B 2 8 o 8 —Hl s AR B0 (Unified Robot Description Format, f&j#
URDF) SR#EATH), ZHEZR hiALds N #:4FE R 4 (Robot Operating System) T %, #24t T th
C++ 5 HfMENTAS, F HAENLAR AL A & A8 G 5 T2 N H

URDF [ 77 A - RIS, BRI iLEs AR S — A T i, B—4n]
AT Bl & T ERAE R — AR B R, TR T R LR IRt g i b i
MALSEAT A8 9% 515 5. 7E URDF SC{FH, S =g R A ) Bcdis 28 8.

base base 2 B ME—FORIAR , TEW I p— a0 B RS S AL AR AL B0 R L 583 [ E AL
NHYZEHE i TR aLgs ARUL, XA AT A & = 4E =S [H) TP iy B i s R

2514 T 3L 27 T
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PhysicsActor ServiceActor

URDFActor PrimitiveActor

BoxActor CylinderActor SphereActor

A 3-2 A ¥ B~ # CyberPanda ¥ Actor a9 4% &K % %4

[l 72 AR ARG, DIFR Bt xyz 25 [a] I = 4E AR BR .
joint W 3-3 FriR, joint ZAH AT EARAT A, MR ILEE A B LA T RAE B o6
5, GNUNT T RS O B SRR, T . XA joint AT, HERRERAL T M
T AT MRS, HUOW T T e 1ok, i ERHE B e fl. thsh, *f
THEAS joint 75, A PR link 115 B
link 41 3-4 fis, link /248 A IEH P joint B joint 1 base FYHLAF ABMK. link 112
Blgs NI, 2 M A U238 (Geometry) 14 J— & M RETEIAFR , RAGFIIE
it 4 0 BRASLAUA
WELTG A B A LA URDF 7%, X 1NDIREZ i Bullet 35 [ 4L lny . %
B> T REY) 2 242 DR AR e URDFActor Hr, it URDF X I £ 8K Z 50 e Cy-
berPanda HF3] 1 X W ) SEBE .
1t CyberPanda 7, URDF Joint X}/ [{}]4& FRJoint, 7] DAEFRIHEERA
o type ZEAL, FRIUZRATHIRNE, WIDLELEERE R T, AT DU RIE M XY (%A
FEATE B BED . WEAIE IR T FEPIENEshny X H 2258 4 H B K.
o effort 527 LR, &7 R A 33 A 00 2 XP MBS At A3, T DA 3 34 of 1
WG] () U S8 A A A L Y
o velocity B R, FIDAUELH AT DU AEEE, A effort —FEHEA/E N —AN %4
EREL T B o
o damping XTSI EME, & TR 0 LA T,
o friction &5 Y Fe Kk BRI R4

A5 T L 27 W
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Link origin

] 3-4 Link 0984, B+ Eraym—Aabdgi2 i A K7 ke ik

MR, Britz 4, URDF W4T i 248 (mimic) 7EiX AR CyberPanda Hrif ok AESE
.

7E CyberPanda /', URDF Link X )42 FRLink, HAFn[DLERIERE

o Inertial {1k, HrP G TERMELS, B, ASKH =B R s .

o Visual fo0/EAT, CUFE T BT, Bit, MISFEE.

e Collision fif fE5 4L, F5 IR K =4 P AL

Cyberpanda FI|Jfl XML Parser Jr4: i) figtras, e 17 B CpLas AU s, FIH
TAERMGALER A _E TR S Dy XS B T A ) 1 A i

3.2.2.2 PrimitiveActor

PrimitiveActor ;2 PhysicsActor (1) 75 #h—NIRA 2, IR [F] T HUME I @Ay =, A ]
RUREAMER, HRJLNHSHFGREFEm T .

PrimtiveActor {Eh— MR, HARR SLHI 3G =Fp: K5k (BoxActor), [T {4 (Cylin-
derActor), PAMNERIA (SphereActor), 5 RE4])5 |2 H11 StaticMeshActor AHXT I o 5 T b A TR
R ALE L BEFEMWSECZAL, 1P IERT DUE SMBA T BB, teanRm it
i

NE 3-5 s, 151 _E BT icE #Y) PrimitiveActor M 222145 43 5l & CylinderActor, Sphere-
Actor DA} BoxActor, FJPABEFEMUATR T R/INR—2Z 58, K TAFRMM B, 2alfH T

2516 T 3L 27 W
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3-5 —A~ & F PrimitiveActor &4 [& 1

MEZIT IR IR R 2S . A9k DA Ko e R TR Jo 6L o

323 QL

FIrETEYY, FRIM2HF CyberPanda HrAh i) = 4k H 22 1 2] —4E-F1i b X2, Cy-
berPanda i Fj T PAREL] 5 1 BEMTE YA 4 AR Y035, RIS XHR B 24 S AT 45 I RR 22
T A R RRE . 7 3.2.3 /NI, AN o M A E PR R, @t
MHEIE Yy (Rasterization) B3E DL 6488 (Ray Tracing)®” A,

3.2.3.1  JetitbiE g

BRI RS P IR bk iU S v g < A O R T K U (S o e = O )
EMAICAMPT S, A5 1974 SRR G XSO TR 2 5 JCHME IR ez @8 1 1
MERIER, HAR S HRZHA G MR R S 2 M E R HER, X G T
JeHMETE G R PE T EE , R FE SR B D AT ANREARS BIAN 2 A B AR G OR

JCHMMETE Qe D B REAE T, A bR B AR R B R A T2, i % AR B
PRAY P AE T _EFATR 2 RIBE . XTI = AR BB, o L —
bzl i 77 St 2 MR UEAT AT R e, IR 2 A SR N — NI = A
T, MCHMETE S Bl 85 A = A T T B B AR Bk 1 ) e R A% o

Il 3-6 &R T — MM SR n AR, — AL MR S A B e =
LR TR BN B R AR R A, [RIPRE X AR R (0 b A TS AL, 2 = A EAER:
e P 45 T R DX, A B EIRGEMIN I R . XARRY— A SE B — A RS 2
e, P — BRI R RS2 H A (Draw Call), X2 GPU [ A4 TAEN
BZ—.

MR, AR X S = B RO B 2 A M BB SO, s MR
FHUERZIR, X IGFRN Overdraw . K I GHIME I TE Yo AURAERE MR 2R RUITR I,
R B AP I TG, 1 X (G Buffer) B EARME X PRl T AN 3
JE Gk DX T MR RHERGES T 2 i 2 A R W IR, T B iy, Uy

17 T AL 27 W
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intersection
ray point

__‘--"'-\-—-
[~~~
T—

© www.scratchapixel.com

3-6 Z B & —NZAMETEIHLay AR

THI TC I TR FE RN BE Gz v DX P M iR VR BEREATIORE, AT s 2 75 7 2 1R R B il
AR R FEX PP AR BT, T ICL HITH AR S & gE R, HibaA4
A 7CIY) Draw Call F30] AFHATHIHEA T, KINEE T 22 M2

PR T B G RERAFENT, JCMEERAEEEERCR LRt E, EEWRERE
A —RERZHWG sh, WRRIILERER, SEARZAL 2 H %A R0 535 2 mAL
RERMBIG, XEEF YR TRCHE T2 E Y2 B sh b Z X SR TR R R R
M IR TRCR s Rk R R T 22 iy Ut R AR B R A S [ S
(cache coherency) (1), KGRI ASRARBEAT I A7, I HIEARER U5 5% (Page Fault) A
.,

— AN TE e 2 T B A B BB B W HARIF T B, Cyber-
Panda AL TiX MUY, iXABr B BT A BRAESAE CPU it s S B, AR50 T ALY
AL, Y PRALRE AL IR0 B S, ARSI A TR it AL 1 =48
o 5B Brig GPU Draw Call fBT Bz, 3XANHT Bet /] DAZE /- A4 B0 2
TR X TR 22 ST A TAH B ) LA AR 4, A AR REHE AL AR AR R AS e B AR LA AR 22, X T
ST A BB WA DI YE MR Y B B, SEILR S B SRl i ek
AR, AREImE AR . 5B =B BEIE] T CPU W AR 7 2RI L/ SR E Y i) 45
KT IE AL, 7E CyberPanda v, FATERIEAT T— RN H I AHLE WAL B %, Hotn
R B TR IARBLI S . FEE05E .

3232 JMZBEEYE

JEZiE B (Ray-Tracing) ARG BLS (Ray Casting) FRME— L9, XA 755t
WAL TE GRS A AL, XARALILET P I 8 By R R A T8 —RTE . DGR BRI S T vl
PAIBIE] 1980 4F DURSCHR AR & TAR, P14 U AGEIIB e e o SRAE SR H A I ) 7 A
S, (ERAE PR A HOR MDE LGB ERARAI T AL, BB PR HT R RR, 24

2518 T 4L 27 W
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FORE A REAR M U . TTTAR R, B S R I A A AR BRI RERY RTX R8I,
LB ARG 75 1 T o B i R 2 B L

JLR 3 R S MM B e A S B R, 5 LR G R 25 T i M R
ERIEREE, W T EA SRR T T ROER, B ETEA R R T AT
. BRI 20 T R8BI — B AGB BRI — IOz —, ELF) 1986 4Ry
7772 (Rendering Equation)®®) (i i . FERYrFEd, fEE s RIBA RIE IR Bl T
SRABAEA FE G T ARG R IR0, BRI LB AEA 25 S RO B OB R B, FE
AR AR T 40 ) %)

L,(X,0,, A, 1) = L (X,0,, A, 1) + ] [i (X, 0, 04, A, 1) Li(X, w;, 4, t)(w; - n) d o,
Q

Forp x 2 PR AL, A RCERIBR , ¢RI ], FRBE R B AL Lo(x, 0, A, 1) TR 1E
t IR x R @, J7 ST AHR S A BCHY BRI AT WSO B A B 1% A i)
S o Le(X, @4, 4, 1) WIZIR x VEAICIREE IR L, 1978 SURSHERIRRATE , fi(X, 0, 00, 4,1)
MR IET i o ROTIASS, U2 o, J7 B SR ATREL, Li(x, o, A, 1) FR 1T
o ITRASSROEHERE, (0 - n) FoR o; FESZERSMNAREER R, i Wz
PR LA R )R ARG Bl S 2 2RI

IR, TER R ELSCIRE , W RIS 385311 B 4L (Bidirectional Reflectance)
MR 2%, BERT A MTRIER. DL, ERITRREEE T 0L A S A T,
1M EERBALE AR ARAT RN SR, XHAA PR EERUS TR . FA ROCRIA T4
BT SRABAIATAE T OLRE L2533 (radiosity algorithm) , I I SERERIE T IR 2EAT o i
VRIS AT AL T 1 BT (Photon Mapping). #4218 £ (Path Tracing) 4F— R HIK,
1M HEX] 51 %11 Lightmass B L] T Photon Mapping 5734

3.2.3.3 CyberPanda J& YL 454k
CyberPanda 1975 YL 45 £k PARE £) 5 | 24 1¥) FDeferredShadingSceneRenderer A E44 , I & 1l

T B TIRE, DASSITE YL SR FEARBIE R, FRATTREXT CyberPanda () 4E 3R J5 %t
e Rk
e Preprocessing {& YeFFUh 2 B Sxlb AT — B A TIAL R, H5—LEOR 2 H BUAE 0BT v 1) 40 A
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CYBERPANDA: A UNIVERSAL ROBOTIC ARM
SIMULATOR TOWARDS PHOTOREALISTIC VISUAL
PERCEPTION

In this thesis, we propose a novel universal robotic arm simulator focusing on the indoor envi-
ronment robotic vision task, which is called CyberPanda. The purpose of our framework is to give
researchers who devote efforts to robotic vision problems easy access to the synthetic generated data
and bridge the gap between the virtual environment and the real world.

Having been thoroughly investigated for decades, some of the robotic vision tasks still remain
challenging, likewise pulling and grasping tasks. The past few years have witnessed the popularity
of the deep neural network, which leads to the huge advancement of the solution to these robotic
vision problems. However, the fantastic performance of and the giant leap made by the deep neural
networks highly depend on the big scale dataset with full annotations. On one hand, although various
kinds of dataset have been built up for different tasks, there exist many individual researchers whose
diverse demands can not be satisfied with limited kinds of dataset. One the other hand, it is too
expensive for individual researchers to afford the cost to set up their own dataset to launch their
projects. Sometimes their requirements may even not be met in the real world. In such a case, the
researchers in the field of robotic vision increasingly rely on the simulators to generate synthetic
data. Not only the simulator greatly simplify and shorten the process of building up the dataset, but
also is it able to produce the annotations and labels automatically instead of manually collecting the
data. The simulator saves researchers from tremendous cost and heavy labor, partially addressing
the needs of researchers to customize their own specific dataset. Therefore, the development of a
simulator is of great significance to the field of computer vision, especially the area of robotic vision.
According to this, more and more attention has been paid to the simulators since several years ago.

Although the synthetic data produced by the simulator is of lower price and is more available to
researchers, from which the development of deep neural networks benefits a lot, the synthetic still has
fatal disadvantages compared to the genuine data. According to the knowledge of the prior research,
it is well-known that the deep neural networks which are trained with the synthetic data can not be
deployed in the real world as successful as in the virtual environment. That is, the performance of
the algorithm in the real world can not be mentioned in the same breath to the performance during
its training time, even overwhelmed by a huge gap between them. For example, the success rate
of a grasping algorithm that is trained in the simulator will likely encounter a considerable drop
when transferred to the real world. This kind of difference in performance is usually caused by
the divergence between the data distribution of the synthetic world and the real world. The special
divergence between them is named reality gap by the researchers. Many reasons play a role in the
occurrence and formation of the reality gap, like the invariant simulator environment, the limited
kinds of object materials and textures, the rigid position and orientation of the camera, the inaccurate
global illumination calculation, and the imprecise rendering results. In summary, these reasons listed

above can be concluded as an insufficient and inaccurate simulation of the real world. Sometimes,
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the divergence caused by the reality gap is so considerable that deployed the trained model in reality
is even more difficult than training the model in the virtual environment. Subsequently, how to
address the problem given rise to by the reality gap becomes another valuable and meaningful task.
Whether we can solve this problem or not will even determine the future evolving path of all these
simulators.

Aiming to mitigate or even eliminate the negative influence brought by the reality gap, many
researchers have paid their own efforts. Among all these numerous tries, two kinds of methods have
been proved to be effective: extreme realism and domain randomization. Extreme realism is a set
of algorithms whose core idea is trying to make the process of simulation as close as possible to the
real environment that the trained models or robots are likely to be deployed in. The set of extreme
realism algorithm contains various and diverse techniques. For instance, the famous one of them
is photorealistic rendering. Photorealistic rendering does not merely refer to make the pipeline of
rendering produce the realistic visual perception, likewise realistic geometry, global illumination,
materials, textures, etc. Photorealistic rendering also takes the noise of visual sensors into consider-
ation, including simulating the specific noise and the different distortion of the camera lens and other
pose effects like lens flare. Apart from the photorealistic rendering, extreme realism algorithms may
also refer to the high-fidelity physics simulation. Commonly, when most of the traditional physics
engines deal with the contact force, they may rely on the earlier spring-damper approach which is
obviously outdated or even just leaves out the contact dynamics. Some physics engines adopt this
strategy because this kind of approximation can lead to many efficient and accurate recursive al-
gorithms in joint coordinates. On the contrary, the high-fidelity physics focus on simulating the
dynamics and contact force as accurate as possible instead of sacrificing the simulation quality for
real-time efficiency. Domain randomization also represents a series of techniques. The novel idea of
domain randomization algorithms is to expose the model to a giant range of elements on the training
stage instead of just training the model in a single synthetic world. The strategy of domain random-
ization is to randomize as many as possible elements in the simulation environments to increase to
variation of the simulation process, expecting the robot to encounter much more different situations
than simulating in the static data. For example, the researchers may put the camera on a random
position and pose to a random orientation, or they may randomly substitute the materials and the
textures of the object. Besides, they may also randomly generate the skylight to change the illumi-
nation condition of the whole environment. All these varied means have the same purpose. That
is to drive the model to generalize more during the training time and improve its ability to cognate
different situations or even learn to handle with the unseen situations.

In our framework CyberPanda, we combine the strategy of extreme realism and domain ran-
domization, trying to bridge or narrow the reality gap between the simulator environment and the
real world, thus making the training, the evaluation, and the testing of the robotic vision algorithms
more convenient. Our platform is built on the base of the most powerful and outstanding real-time
3D creation software Unreal Engine 4. Unreal Engine 4 is a versatile development tool and its ap-
plications range from design visualizations to high-quality games across different platforms. Cyber-
Panda employs the rendering pipeline of the Unreal Engine 4 as our rendering core, thus providing
our simulator with fantastic and high-quality visual perception. Besides, CyberPanda utilizes the
Bullet3 Physics Engine as our physics core to simulate the gravity, motion, collision, and contact in
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the virtual environment. Unlike other traditional physics engine who leave out the contact dynam-
ics, Bullet3 found the contact force by solving an optimization problem at each time step. It also
includes the inverse dynamics calculation module which can robustly locate the joint of the robots.
The Bullet3 not only offers CyberPanda accurate and efficient dynamics simulation, but also em-
powers CyberPanda to conduct continuous interaction between robots and non-static objects instead
of remaining on the level of discrete interaction. Apart from all the above, with the help of google
remote procedure call framework, CyberPanda is able to provide our users with a Python applica-
tion programming interface. According to this feature, users can launch CyberPanda with a simple
Python script without too much domain knowledge in computer graphics. Therefore, CyberPanda
is quite friendly to deep learning researchers.

The contribution of CyberPanda lies in the following two aspects. For one thing, the framework
provides a simple Python API which can help deep learning researchers easily generate synthetic
data. For another, the framework also produces more accurate and photorealistic rendering results
compared to some of the other simulators, which may narrow the gap between the simulator envi-
ronment and the real world.

The thesis is organized in the following three parts. In the first chapter we make a thorough
introduction to the background of the simulator and related robotic vision tasks. After that, we make
an overall discussion of related work, focusing on their advantages and drawbacks. Apart from
other simulators, we will also make a brief introduction to the tools we utilized in the development
of CyberPanda. In chapter three, we comprehensively introduce our platform’s architecture, describe
the implementation of each module, and demonstrate the ability of CyberPanda. In this chapter, we
will focus on the remote procedure call system, the rendering pipeline, and the physics engine. In
the final chapter, we draw a conclusion of the whole thesis and point out the potential improvement
of CyberPanda.
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