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Evaluation of Human Demonstration Augmented Deep Reinforcement Learning
Policies via Object Manipulation with an Anthropomorphic Robot Hand
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ABSTRACT

Manipulation of complex objects with an anthropomorphic robot hand like a human hand is a challenge in the human-centric
environment. In order to train the anthropomorphic robot hand which has a high degree of freedom (DoF), human demonstration
augmented deep reinforcement learning policy optimization methods have been proposed. In this work, we first demonstrate augmentation
of human demonstration in deep reinforcement learning (DRL) is effective for object manipulation by comparing the performance of
the augmentation-free Natural Policy Gradient (NPG) and Demonstration Augmented NPG (DA-NPG). Then three DRL policy optimization
methods, namely NPG, Trust Region Policy Optimization (TRPO), and Proximal Policy Optimization (PPO), have been evaluated with DA
(i.e., DA-NPG, DA-TRPO, and DA-PPO) and without DA by manipulating six objects such as apple, banana, bottle, light bulb, camera,
and hammer. The results show that DA-NPG achieved the average success rate of 99.33% whereas NPG only achieved 60%. In addition,
DA-NPG succeeded grasping all six objects while DA-TRPO and DA-PPO failed to grasp some objects and showed unstable performances.
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Fig. 1. (A) Human Demonstration System (B) Leap Motion Controller
Provides 3D Joint Information to the ADROIT Hand in Real Time
to Make the ADROIT Hand Synchronize with the Human Hand
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Fig. 3. 3D Models of Six Objects used in Object Manipulation
using an Anthropomorphic Robot Hand
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Fig. 2. Overall Process of Human Demonstration Augmented Deep Reinforcement Learning
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Fig. 4. Results of the Object Manipulation using NPG and
DA-NPG
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Fig. 5. DRL Reward Plots for Six Objects using DA-NPG(green)
and NPG(red)

Table 1. Success Rate of Grasping Six Objects 100 Trials using
NPG and DA-NPG

NPG DA-NPG

Apple 99 99
Banana 98 100

Bottle 0 99

Light bulb 82 99
Camera 81 99
Hammer 0 100
Average (%) 60 99.33

4.2 FH xXM} dHo| 2 45 H|uw

DA-NPG, DA-TRPO ¥ DA-PPORE Z}7} 3h&5Al7] 25
£9] AHE 147 A AL H|wEth Fig. 62 65 A &
2 Aol i8] DA-NPG, DA-TRPO ¥ DA-PPOE 3+
AZl 2R &9 m2] £3 ZIEg HoErth DA-NPG,
DA-TRPO, 18]1 DA-PPOE EF ARF 27}t S71E o]
ghs5o] AP= 7] wfgo], o] YHER ShFAIZl 2R &0 &
AE JE & 2F2 Fig. 49 NPGE 54171 23 £9]
& EgHET vy o FAAHE AL Fig. 69 14| £
A3 B9l AT 5 U

Fig. 72 A4 243} Whiol] mE 65 AHE 224 A9
HAF 3 LS =AY Fig. 79 BAF T E o A6t
Zol EAE9 s DA-TRPOY A%o°] 7% &1 H44
olm Fig. 63} Zo] AFeZ = & B AAAHAN, 7
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gt B85S HolHA HE AR XA Aot §HHO
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Fig. 6. Results of the Object Manipulation using DA-NPG,
DA-TRPO, and DA-PPO
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Table 2. Success Rate of Grasping Six Objects 100 Trials using

Table 3. Training Time of Optimization Algorithms

DA-NPG, DA-TRPO, and DA-PPO —
Time | Average per Training time

DA-NPG DA-TRPO DA-PPO iteragﬁoi for up to Overall
Apple 99 100 97 Alorith (se0) reward 3000 (hour)

Banana 100 100 92 gorithm (hour)
Bottle 99 99 97 NPG 22.25 5.52 30.90
Light bulb 99 99 93 DA-NPG 18.08 1.06 25.12
Camera 99 0 0 DA-TRPO 14.59 1.06 20.26
Hammer 100 100 &7 DA-PPO 14.69 0.66 2041

Average(%) 99.33 83 74.33

DA-PPO= v, W, 2+ 5-9] Zrdol] thsiA] vl w
A ShEEE AT B, 7ieket HA] ZHdo] A

1, DA-NPG&} DA-TRPOO]| H|5to] & o] YPHo|Ex 2
oA vh= BAFO] T AHifo] 7P EQPYS A 1Y
5 olck. wEhA 2R AR 22 o) digh FF 22t g
2E 5 4450l 7HF A<l A2 DA-NPGO]th.

Table 2= DA-NPG, DA-TRPO, Z18]3l DA-PPO 9] 6
< EA0 tigt oA A J3ES YERHAT. DA-NPGE}
DA-TRPOZ} A¥H& Q1 E4] wx] &g tiste] =2 45
E2 HYAT DA-TRPOE 7Het mH7] 2Hd& A5 53
oFA] Bsto] Fit 8ol 83%7F © AL AT 5= 9tk
E3 DA-PPOQ] A5ES W DA-NPG, DA-TRPO] H]
sto] ARtE o g AgEo] Axotal Zhd2t o] FdS A
5 FPobx] ZPom, T mA] Y EF DA-NPGSt
DA-TRPO®] ®lg] @A5] ¥ JFES 5ol o H3FE
T3 74.33%2 7P W2 AL AT & 9l

4.3 MY EHE YHSO| SBAR Hl

Table 32 NPG, DA-NPG, DA-TRPO, DA-PPO2] 7
3eh59] ShEAIZES A4St Aol mE A3} WA
AEe EAIQ A, B, 283 AE SREAIAE o,
g ¥ ssohs o] Al AIRE BiH(®), BAdo] 300000 A&
o= gt WizhR] ™ AZHAD, FA sy ARHADS 24+

EE g HAch 1 Ay, 3 ¥ sssoket|
2= Al F 85 ATl 7Y B2 212 DA-TRPO, &
ol 30000 =2 wizkx] A" Ato] 7MY F2 A

5.1 #

A 7H 38 ARsh RS Y 2] g 1L
A5} Table 32 HH AR gl & AR8SHA] 42 NPG7}
Al HIEE ARSRE e FaElEEET WA R S

o] 7] 2=}, B8] WA} 30000] ERE WA A

HEE 7He s P& ZAE Sl AR 2ok, 24
o} ol A 28 29ste] A&SiA JEE ATdo=
A 2R &0l S5 U AASFA] deelt

T3 DA-NPGET} DA-TRPOSF DA-PPO7} shsahs d
o AlZte] E A= A ERIT £ Sl=H], oli= DA-TRPOS}
DA-PPO7} A& HZAsFsE w] ZH2F Trust Region®]gh=
constraint®} clipping surrogate objectiveE &3l FZ]
9] W3l AL E Algshs S B9l 71e7] H&SE |4
$Y37] ool

DA-PPO7} B4} 30000 =2 wi7kA] A= Al B
0.6t & th2 WS vl @ A=, ol clipping
719 B 13 2AE FA3HE 213ste] DA-TRPORETH A
AP BREE 9357] wjZolth skR|et g ¥ g<sele o dee
kg Aol AA g5 AI7RS DA-TRPOSE RARE A&
Table 3914 & &= J=d, ol& Fig. 73 Zo] DA-PPO7L &
FFSHA S FATstAA AR Ao LAYEE Aol

A 7P 34 A3 W2 DA-NPGE 23E
EEoI o, B AL A5 SAl0l 122 o Table 39
A3t mel DA-NPGSF DA-TRPO7} & &5 A|Zto] °F 5
At B 2ozt o2, AYgt AJ53 vl 1wy g5 Al7lo]
HE DA-TRPOE ElEHoZH A 4= 9t

6.2 B

B oA = DA-NPGE} NPGO| 85 A5 |t
Al HRo] 58448 4S5t Fs BA It DA-NPG,
DA-TRPO, DA-PPOE o]|&3t Haleh5o2 e5A7] 25
£o] otz 65 A digt AHe 2 AY9 g% H5
< H7ketadt.

3+ 23, DA-NPG= NPGET 45 #2307} & 23 o
Eo] EAIE F= & EY B U ALY DA-NPGE
DA-TRPO®t GARE 52 Ho|HA], Y& ARZo| oigh &+
Jo]l Aufst DA-TRPOSL} DA-PPOS} 9] RE Exo] thst
ZkQfell A45ota7] wiiell 11 4dsol 7HE QFg&ol it k3t
NPGO] H|sto] ARt HlE ARESE DA-NPG, DA-TRPO ¥
DA-PPO9] 85 Al7to] AA|HoR k= & gRlokoirt
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