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Distributed Implementation of PPO
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State Estimation from Vision

B K

REHIRIRS 1T

) DEEFAE

XIDIAN UNIVERSITY

Position  Rotation
N/ Table 12: Hyperparameters for the vision model architecture.
RelLU Layer Details
T Input RGB Image 200 x 200 x 3
Concat Conv2D 32 filters, 5 x 5, stride 1, no padding
A ""““ N Conv2D 32 filters, 3 x 3, stride 1, no padding .
TR B Max Pooling 3 x 3, stride 3
> I ResNet L block, 16 filters, 3 x 3, stride 3 |
. J . ResNet 2 blocks, 32 filters, 3 x 3, stride 3 ¢
ResNet < -~ ResNet -~ ResNet ResNet 2 blocks, 64 filters, 3 x 3, stride 3 .
N j N ResNet 2 blocks, 64 filters, 3 x 3, stride 3 .
: Spatial Softmax
Paol ng)l Pc:uol Flation O
~ | Concatenate all 3 image towers combined .
Conv <-> Conv <-> Conv :
A A Fully Connected 128 units .
| Fully Connected  output dimension (3 position + 4 rotation) .
Camera1 Camera2 Camera3
EGAEE :
Input RGB Image 200 x 200 x 3 ResNetl 23 x23x16 Spatial Softmax 3 x 3 x 64
Conv2D 196 x 196 x 32 ResNet 2 9 x9x32 Flatten 1 x 576
Conv2D 194 x 194 x 32 ResNet3 ~ 5 x5 Xx64 Concatenate 1 x 1728
Max Pooling 64 x 64 x 32 ResNet 4 3x3x64




) TEEF t#t%

W XITDIAN UNIVERSITY

Qualitative Results BAIEETA

y=ks:35 )

FATER: (FEOEERARMIE

(AR B ISR)ERaD AT R BT IR

ARSI ITRES : (FERREHIE |

FSCHRATREATEERGREIES | e | =

e AT T TR Y |

Adaptive Learning e, Dt s et ey ool g g g O
Classified according to [18].

o BiENiF®: MeTERAEIIRER/IMBEMAFRISH SRR
© PEFRRYSRES: SEUEF BRI IR KT E THIRHYLER:




Quantitative Results

) BREFAIAS

) XIDIAN UNIVERSITY

oM. RN 1TE

Simulated task Mean

Median Individual trials (sorted) I'_E % ?Eh—‘ : EEIJJ EﬁEEg EJZ E hv ARSZ
Block (state) 4344+ 138 B0 -
Block (state, locked wrist) 44.2+13.4 50
Block (vision) 30.0 103 38 Ny Sy g
Octagonal prism (state) 29.0+19.7 30 EF'I;‘I:E *ZR'L\’\
Physical task
Block (state) 188+17.1 13 50, 41, 29, 27, 14, 12, 6, 4, 4, 1 ® PiPEE: Reward = -20
Block (state, locked wrist) 26.4 +13.4 28.5 50, 43, 32, 29, 29, 28,19, 13, 12,9 . . N > —
——  Block (vision) 1524148 115 46, 28,26, 15,13, 10, 8,5,2,1 ® H\jIH-'"‘E*IJ * SOSWLZZ:EEE*/F
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Randomization Ablations in Simulation
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7&'3\ =LE Training environment Mean Median Individual trials (sorted) .
® All Randomizations: All randomizations (state) 1881171 13 50, 41, 29, 27, 14, 12, 6,4,4,1 -«
L&ﬁyﬁ Etgz'rg , %%&ERE% E(J-L—l—% *D{EE@% No randomizations (state) 1.1+1.9 0 6,2,2,1,0,0,0,0,0,0 .
—ﬁ1EEE$g§&%Ey.7F No observation noise (state) 151 +14.5 &5 45.35.23.11. 9.8, 7. 6,6, 1
) ) B . No physics randomizations (state) 3.5 + 2.5 2 .7.79.2%2.2.21
® No Observation Noise: ZHFHIERFFE—TE  No unmodeled effects (state) 35+48 2 16,7,3,3,2,2,1,1,0,0
B== 0 Z A=Fe 2Ef - \E,
I]*Fn ! j][l)\ﬂ;R)Il 1“ ’E1§1ﬁ)&%aﬂ'=z&jj HEJ'L |All randomizations (vision) 15.2+14.3 11.5} 46, 28, 26, 16,13, 10, 8, 3, 2, 1

No observation noise (vision) 5.9+6.6 3.5 0. 12.11.6.5.22. 1.0.0




Effect of Memory in Policies

Effect of Memory in Simulation
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® EE@?—S LSTMIﬂ%E’\JP\]E‘BT?ﬁ%%%, Efﬁﬁﬂzﬁﬁ,ﬂﬂ LSTM.policy / LSTM value (state) 188 +17.1 13 50.41.29.27.14.12.6.4.4.1
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Effect of Scale in Simulation Effect of Scale in Simulation
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object pose given three simulated camera images.
® Test Set: TEWEASRIRIMIUE L T5C6

® Unity: BHRLEMEEREES, WitRHER
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SCIRZRIE

Table 6: Performance of a vision based pose estimator on synthetic and real data. ’
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Test set Rotation error Position error O

Rendered images (Unity) 2.717 == 1.62 3.12mm =+ 1.52
0 INTRE: BEAFIEBMuloCoEZrNEG SISt Rendered images (MuJoCo) 3.23° + 2.91 3.71lmm =+ 4.07
HRZE, {BEaeESCIREINTR Real images 5.01°+2.47  9.27mm + 4.02




Sz TEEFA#+%

“Wws) XIDIAN UNIVERSITY

Literature Survey

THANKS!

BisHtiTFEIE

RiaRIFEF#{EF——Robotics

Clt
i

LA Ag1E]: 2023.11.16

“N)f



