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Robot control policy transfer based on progressive neural network
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(Department of Automation -University of Science and Technology of China . He fei 230027)
Abstract: In the field of robotic control, it is appealing to solve complicated control tasks through deep
learning techniques. However, collecting enough robot operating data to train deep learning models is
difficult. Thus, in this paper a transfer approach based on progressive neural network (PNN) and deep
deterministic policy gradient (DDPG) is proposed. By linking the current task model and pretrained task
models in the model pool with a novel structure, the control strategy in the pretrained task models is
transferred to the current task model. Simulation experiments validate that, the proposed approach can
successfully transfer control policies learned from the source task to the current task. And compared with
other baselines, the proposed approach takes remarkably less time to achieve the same performance in all
the experiments.
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Fig. 2 The combination of DDPG and PNN
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Fig.3 Flowchart of the PNN-based transfer algorithm
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Fig. 5 Model structures of the four approaches in the experiment
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Fig. 6 Reward curve of the 4 approaches in the RL test environments
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Tab.1 The final average reward accomplished by each approach

HalfCheetah HalfCheetah

(std=0.1)  (std=0.2) PP
Baseline 2253.8 1716. 7 43. 4
Finetune 2563.6 2797.6 1.43
Rand 1078. 2 1817.5 48.5
PNN 3295.7 3401. 2 1979.0

F2 DFERRSEE
Tab.2 The converge speed of each approach

HalfCheetah HalfCheetah

(sd=0.1  (sd=0.2) PP
Baseline 110 70 /
Finetune 140 80 /
Rand 80 120 /
PNN 30 30 120

S TR Y 4 AR G T I 2k S RO |
BB MR ET ) ST A N R AN 3 Ui, 38 3
AR B AT — YRR ) B BT TR SRR IR
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Table 3 Number of parameters, FLOPS and

computation time of the four models

SRR SR SR 1 2
(10'3)  (MFLOPS) (10 *s) (10 %s)
Baseline 294. 6 1.152 1.250 1. 856
Finetune 1. 406 1. 152 1. 268 1. 871
Rand 576.0 2.257 2.603 4. 235
PNN 576.6 2.257 2.615 4.191

4.2 {FEWNEHH Baxter 128 AXLE
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TAEZS [ N Bl o B 30 AR R i i A H A DX 8 (&

7 Gazebo H1 i Baxter #1288 A
Fig. 7 Baxter in Gazebo

WAL TR R IR N IR TE e 45 B R A 50 AN 25
U7 BP0 A0 RS 08 3 — A 4 IR S 1) e KR H
TCRAFENAR N 7 A0 M A A
R e B H AR IO 2y v 2 AT A EE S
PRz — A>3 A7 A S i 2 75 A F A DX P 38 B A1
JRAE. SEEe I, LA A Ab T 3R 45 AU L T
SR 0 2% 4 i e Bl AR N 7 A SCT R R AR A
B S Ah i EHARE 55 FATTHE 7 7 1 DX O/ A
B9 0.2 m X 0.2 m X 0.2 m /N3] HART 5
0.1m X 0.1 mXxO0.1 m, HAhZprRIEAL,

TE HARAE 55 b A7 U 2Ry S g 25 SR an &l 8 i
A th TR AR E g, RILE T AR RS
Baseline J5i%. & 8 7] LAFE 2, 5 1 ] 09 55 49 45
— 3, R LR L L Baseline 73 %F H b5 AT: 55 19 2% >
T, UL TEIRAT 55 A H AR AT 55 ) 2R AT 9 2 50 3T 78
JEINAY IE RS T HARME 55 1925 A RCR.

baxter in simulation
100

50

0

-50

average reward

-100

-150

— Baseline
— PNN

0 1 2 3 4 5 6
20 episodes
8 Baxter IFHI LR FHME LN
EHRRBERDEZLER
Fig.8 Reward curve of the 2 approaches

-200

in the Baxter control experiment

5 #ig

T AR R 55 v 2 > B0 £ ol SR
TR TR I 2~ AR B T BILAR N A ) SRR AR R
F18 [0 BT A S i Xl 2 000 24 5 T R ) o Pk SR S
B ROEREE & 3R T — R BT B L 5 2 BT #8
S AT LR 3 AE A bR AT 55 L IR P
it IS T). AT 7 5 Al 27 ~J I 2R 85 o 1 5 FI B 2%
N FIBEERBIL & A 09 722 8 AE 55 b AT B 4 A 08
5 S A5 SR WIS ) MR IR 55 b o o) B
M2 g B 1T X H B 55 1 o rh iR e T X H
PRAT 55 19 52 ) 200 B Oh L AE O IR B8 P 9 Baxter



% 10

A T XAY 2 P &L B A s Kk it A 819

BLAR N L REAT A 4 il 45 80 X B8 52 56 R B, A SCHR i
43 A% Bk B AT I A% 5 PRL AT A4 ] SR F) 78 7

2 2% LK (References)

[ 1] LEVINE S, FINN C, DARRELL T, et al. End-to-end
training of deep visuomotor policies[J]. The Journal of
Machine Learning Research, 2016, 17(1): 1334-1373.

[ 2] MNIH V, KAVUKCUOGLU K, SILVER D, et al.
Playing Atari with deep reinforcement learning [ ] ].
Computer Science, 2013,arXiv:1312. 5602.

[ 3] MNIH V, KAVUKCUOGLU K, SILVER D, et al.
Human-level control through deep reinforcement
learning[J]. Nature, 2015, 518(7540) : 529.

[ 4 ] RABINOWITZ N C, DESJARDINS G, RUSU A A,
et al. Progressive neural networks: U. S. Patent
Application 15/396,319[P]. 2017-11-23.

[ 5] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks [ C ]//Advances in neural information
processing systems. 2012,25(2): 1097-1105.

[ 6 ] SIMONYAN K, ZISSERMAN A. Very deep

networks  for

convolutional large-scale  image

recognition [ J ]. Computer Science, 2014, arXiv
preprint arXiv:1409. 1556.

[ 7] SZEGEDY C, LIU W, JIA Y, et al. Going deeper
with convolutions [ C ]//Proceedings of the IEEE

conference on computer vision and pattern recognition.

Boston, USA: IEEE, 2015: 1-9.

[ 81 HE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition[ C]//Proceedings of the
IEEE conference on computer vision and pattern
recognition. Las Vegas, USA: IEEE, 2016 770-778.

[9]FINN C, LEVINE S. Deep visual foresight for
planning robot motion [ C J//IEEE International
Conference on Robotics and Automation. Ningbo,
China: IEEE, 2017. 2786-2793.

[10] YAHYA A, LI A, KALAKRISHNAN M, et al.
Collective robot reinforcement learning with distributed
asynchronous guided policy search [ C]//IEEE/RSJ
International Conference on Intelligent Robots and
Systems . Vancouver, Canada:IEEE, 2017, 79-86.

[11] MNIH V, BADIA A P, MIRZA M, et al
Asynchronous methods for deep reinforcement learning
[C]//International conference on machine learning.
New York, USA: IEEE, 2016: 1928-1937.

[12] LILLICRAP T P, HUNT J J , PRITZEL A , et al.
Continuous control with deep reinforcement learning
[J]. Computer Science, 2015, 8(6):A187.

[13] SUTTON R S, BARTO A G.
Learning: An Introduction[ M]. MIT press, 2018.
[14] SILVER D, LEVER G, HEESS N, et al
Deterministic policy gradient algorithms [ C ]//
International Machine

Beijing, China: IEEE, 2014 387-395.

Reinforcement

Conference on Learning.

(L35 804 T)

[12] ZOU Q, ZHANG H, WEN C K, et al. Concise
derivation for generalized approximate message passing
using expectation propagation [ ] J. IEEE Signal
Processing Letters, 2018, 25(12): 1835-1839.

[13] MINKA T P. Expectation propagation for approximate
Bayesian inference[ C]//Proceedings of the Seventeenth
Conference on Uncertainty in Artificial Intelligence.
Pittsburgh: Morgan Kaufmann Publishers Inc. , 2001
362-369.

[14] RASMUSSEN CE, WILLIAMS K 1. Gaussian Process
for Machine Learningl M]. The MIT Press, 2006.

[15] VILA J, SCHNITER P, RANGAN S, et al. Adaptive
damping and mean removal for the generalized
approximate message passing algorithm [ C]//2015

IEEE International Conference on Acoustics, Speech

and Signal Processing. Brisbane, Australia: IEEE,
2015: 2021-2025.

[16] CALTAGIRONE F, ZDEBOROVA L, KRZAKALA
F. On convergence of approximate message passing
[ C]//2014 1IEEE
Information Theory. Honolulu, USA. IEEE, 2014.
1812-1816.

[17] SCHNITER P, RANGAN S. Compressive phase

International Symposium on

retrieval via generalized approximate message passing
[J]. IEEE Transactions on Signal Processing, 2015,
63(4): 1043-1055.

[18] BEYME S, LEUNG C. Efficient computation of DFT
of Zadoff-Chu sequences[ J]. Electronics letters, 2009,
45(9): 461-463.



