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Visual Object Manipulation Based on Exploration Guided
by Demonstration
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Abstract: A reward function suitable for a task is required to manipulate objects through rein-
forcement learning. However, it is difficult to design the reward function if the ample information of
the objects cannot be obtained. In this study, a demonstration-based object manipulation algorithm
called stochastic exploration guided by demonstration (SEGD) is proposed to solve the design problem
of the reward function. SEGD is a reinforcement learning algorithm in which a sparse reward explorer
(SRE) and an interpolated policy using demonstration (IPD) are added to soft actor-critic (SAC). SRE
ensures the training of the critic of SAC by collecting prior data and IPD limits the exploration space
by making SEGD’s action similar to the expert’s action. Through these two algorithms, the SEGD can
learn only with the sparse reward of the task without designing the reward function. In order to verify
the SEGD, experiments were conducted for three tasks. SEGD showed its effectiveness by showing
success rates of more than 96.5% in these experiments.
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[Fig. 1] Pipeline of SEGD: (a) Data collection with SRE and (b)
reinforcement learning with IPD
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2. SEGD

Aol A Abek= Az 7Iwke] =4 22F dare]Eel
SEGDE 95 %A ¥ E(latent vector) & ¢35 Variational
Auto-Encoder (VAE), H&712] Al$1-& ZHSH= Behavioral
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2.1 Variational autoencoder (VAE)
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[Table 1] Structure of encoder and decoder of VAE

Input Output qunel Stride | Padding
channels | channels size
3 128 5 2 2
128 256 3 2 1
256 512 3 2 1
Encoder
512 512 3 2 1
512 512 3 2 1
512 64 4 1 0
64 512 4 1 0
512 512 3 2 1
512 512 3 2 1
Decoder
512 256 3 2 1
256 128 3 2 1
128 128 5 2 2
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2.2 Behavioral cloning
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2.3 Task success discriminator (TSD)
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2.4. Sparse reward explorer (SRE)
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2.5 Soft actor-critic (SAC)
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2.5.1 Gaussian policy (GP)
SAC= AA) o= v} 2 GPE A3t
(0.0 (7

mp(2) =tanh(u(2) +0(2) © €) where e ~ N

A7)A 2 & e, & o= A HE] o5 7|NEO 2 51g k)
AL e 7RAIRE ol i, ©F - WHE ek stk
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2.6 Interpolated policy using demonstration (IPD)

SEGDO A= SAC2] AH o & GP thAl IPDE AH&-3lo] &
ket AR As-g oh Ble X3tk IPD= VAES
ol e A E & 7)o s 2] ik 914 ®isleko|ut
TE)9 AEE FA5kL, FAE HskES 25| Alojo vk
Gt o] rppi= THEEF 2Tk

Tpp (2) = mgp (k) +amy (2) where & =27 (2) (8)

71 2= AANE, k= 29 macs 9 ¥Hconcatenate) HH,
o= o AP S 91 Aol

IPD9] -2 [Fig. 219} 2t} IPD2] 13- FAFo] H 17}
U5 A o]t BCE o] A E 2 5-H BCO] 5 apc
£ oS3tk GP= o] AAME 9} apc E 7IREC® GPO WE
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[Fig. 2] Structure of IPD
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el the d5& S F ofi= GP= Fo1 X 7R-AIE

XA BE-S FE5P] wlitolth IPD] %

BCe] &7 GPe] P52t sloln
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é
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XC e (
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| | |
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[Fig. 3] Visualizing the problem of reaching B starting from A in
a 2D space with the agent: (a) apc at A, (b) arange of agp at A, and
(c) app at A. A visitation map of (d) g, (€) mcp, and (f) 7pp
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[Flg 4] Distributions of (a) TBC, (b) TTRCB,» (C) TGP and (d) TIPD

[Fig. 3191 (d) ~ ()= BC, GP, 12|31 IPDE 53} of| o]
E7} 5000 A AE FoF AU 3£E FAIE HHE A2
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E ARESE Ao WHE A oln], GP7F AR A K 0 2= E AL
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2.6.2 IPDS} RBCS] #A

3, SREAA = FEAEHY 075 A8 918 IDP
S} 2ok 5] EE9} FAR RBCE ARGl AR H|
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HE Lol7t 1ol M & FE3H=, (o) 2 #Fo] WA o]
191 919] 3% 9 9& 71 IPDQ] &%E->BC2] 3% (a)9}
GP2] &5 (0)5 Tk, (d)oF 22 R Fo] 271 9] AF
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3.1 SEGD A& 3174

SEGD®] A5-& A53l7] 91314 [Fig. 5|9k 2ol =4 24}
o] 7Fsgt 78 A3l =, AlEE o E = PyBullet

@ (b) (©
[Fig. 5] Start (top) and end (bottom) of the experimental environments
of (a) opening drawer, (b) peg-in-hole, and (c) pick-and-place

2 18319l on, 250 9% 1] 97} 22 Franka Emika
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A} 2ke] ok A HEAER= 3] 4 HAFe] e Ao 7 LA
H BASGE o]-8-51= deepmimic 2} SEGDE:- [Table 2] 2+ &
23714 2Hdel] Bl al A S A ST, 2 2 2 4
A 7yl eks-S elste] 4719 A = ok A AS dglom, o]
479] A A 77}l sl 2 = 50 A g ste] 2] A
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[Table 215 53l & 2ol A deepmimice] 2H4]
HT}SEGDO| A VRS & 5= Q. o of 22 Av=
A-S Bk WA o] xfolof] o] &) 12kAY 5]'1:]- Deepmimic] 1.
A AldT AAe] FAM el digh BAS 7R AL 9l

ol ol <18 ARe] Zee Bhro] WAPFH AT} FAb
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o

l

Aof] A BAINE 42 obd 4] A (near-optimal) 78 A&
3l ek vhel, SEGD®] 4§- 8|4 RIS ALg-3)
Fonz AE7te] Aldn 24 gl JTk wehr
Ao AeES AU Fole™ 5 ATk ojoh e Ao =
Q15| A4 o = deepmimic B} SEGD7} T &2 2 AF
e zlo Helth

3.31PD9} SRES] 218 9 A}

IPD®} SRE7}FSEGD® 712 += 4 &k-s &121sl7] 913l 3714
22io] thal] SACe] IPD9} SREE thdaHA| 283 4714
darg]Fo w2 AsIGIrh 47H4] 2232 1) 55 SAC, 2) SRE
ul 2.2} SAC+SRE, 3) IPD?F 283} SACHPD, 4) IPD2}
SRE &7 288k SEGDo|t}.

1.0 —
208} W (a)
V,O 6F |
JO 4+
202}
0'00 15 20
x10"
1.0
b
208} ()
e
$0.6—
%0.4-
@n02f
0'00 5 10 15 20
Steps x10°
1.0
(&
2(}_8- W ( )
8
%0'6 L
%0.4- l
0.0
0 10 15 30 40
Steps x10*
m SEGD m SACHPD = SACH+SRE = SAC = BC

[Fig. 6] Success rates of SEGD, SACHIPD, SAC+SRE and SAC
for (a) opening drawer, (b) peg-in-hole, and (c) pick-and-place

BRI}, o= k5 7)ol = & 1191 Shro) FA A 0] ke
FAGE 850] o] AT M e E Sof|= A Ao| 2] A [Table 3] Task Success rates
&3¢ 5 gl sk avp) ook wepd A3H o A | Tasks
Algorithms -
Opening drawer | Peg-in-hole | Pick-and-place
[Table 2] Task success rates of deepmimic and SEGD SAC 85.0% 0.0% 0.0%
) Tasks SAC+ SRE 98.0% 98.0% 37.0%
Algorithms -
Opening drawer | Peg-in-hole | Pick-and-place SAC+IPD 98.5% 99.0% 94.0%
Deepmimic!¥ 87.0% 98.5% 57.5% SEGD 99.0% 99.5% 96.5%
SEGD 99.0% 99.5% 96.5% BC 72.5% 81.0% 76.5%
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