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Imitation Learning for High Precision Peg-in-Hole Tasks
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Abstract— Industrial robot manipulators are not able to
match the precision and speed with which humans are able
to execute contact rich tasks even to this day. Therefore, as a
meansUPovercomethisgap,wedemonstrategenerativemethods
for imitating a peg-in-hole insertion task in a 6-DOF robot
manipulator. In particular, generative adversarial imitation
learning(GAIL)isusedtosuccessfullyachievethistaskwitha6
μm peg-hole clearance on the Yaskawa GP8 industrial robot.
Experimental results show that the policy successfully learns
within 20 episodes from a handful of human expert
demonstrations on the robot (i.e., < 10 tele-operated robot
demonstrations).Theinsertiontimeimprovesfrom>20seconds
(which also includes failed insertions) to < 15 seconds, thereby
validatingtheeffectivenessofthisapproach.
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I. INTRODUCTION
High precision assembly tasks refer to the class of tasks
where the position accuracy required far exceeds that of the
robot manipulators. For example, the Yaskawa GP8 robot
TIPXOJO'JH IBTBDDVSBDZMFWFMTPG¦N XIFSFBT
TPNFPGUIFQFHJOIPMFJOTFSUJPOUBTLTSFRVJSFBDDVSBDZ
MFWFMTPGȳN.PSFJNQPSUBOUMZ UIFTFUZQFTPGJOTFSUJPO
UBTLTBSFDPOUBDUSJDI BTTIPXOCZ'JH UIFSFCZSFRVJSJOH
MJNJUT PO UIF NBYJNVN BMMPXBCMF GPSDFT FYFSUFE CZ UIF QFH
5IFSFGPSF  FYFDVUJOH UIFTF UZQFT PG UBTLT SFNBJO B DIBMMFOHF
GPSUSBEJUJPOBMDPOUSPMTDIFNFTFWFOUPUIJTEBZ
Classicalmethodsusedforthepeg-in-holetaskinvolvethe
applicationofatransimpedancecontrollerratherthanadirect
position or velocity control of the joint angles [1, Chapter
8.8]. A transimpedance controller realizes active compliant
behavior of the end-effector, thereby enabling peg-in-hole
insertions despite the lack of positioning accuracy of the
manipulators. It is important to note that the forces normal
to the surface must be controlled to prevent any form of
damagetothepegorthehole.However,evenifthestiffness
anddampingparametersoftheimpedancecontrollerarewell
tuned, the insertion times are high (> 20 seconds) for tight
DMFBSBODFT ȳ  N  5IJT JT JO DPOUSBTU UP JOTFSUJPO UJNFT
UBLFO CZ IVNBO FYQFSUT  XIJDI BSF   TFDPOET )FODF  UIF
RVFTUJPO UIBU XF XPVME MJLF UP BOTXFS JT  DBO XF NJNJD UIJT
IVNBO FYQFSU QPMJDZ JO UIF SPCPU WJB POF PG UIF XFMM LOPXO
JNJUBUJPOMFBSOJOHNFUIPETBWBJMBCMFJOMJUFSBUVSF
It is worth noting that modeling the contact is difficult,
but the policy employed by human experts to insert the peg
4BHBS BOE 4IJTIJS IBWF DPOUSJCVUFE FRVBMMZ UP UIJT QSPKFDU
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FigVSF 1 The Yaskawa GP8 robot is shown on the left, andthe peg
being inserted by this robot into a hole with a gapof 6 μm is shown on
the right.

is seemingly simple. In imitation learning, a policy network
is trained to copy the expert and take the same actions that
the expert would have taken given the same observations
[2], [3]. It is a robust skill acquisition method that has been
successfullyappliedtoautonomousdriving[4]andcomplex
manipulationtasks[5].Therefore,thegoalofthepaperisto
mimicanexpertpolicyviaimitationlearningforthepeg-inhole task.
Imitation learning requires expert data. In some domains,
such as autonomous driving, the control interface makes
this straight forward to procure. The observations from the
camera and other sensors can be recorded along with the
driver’sactionsonthesteeringwheel,accelerator,andbrake
pedals.Expertdatacanalsobecollectedforcomplexmanipulation tasks by teleoperating a robot with a VR controller
[2]. For high precision assembly tasks, it is much harder to
collectexpertdata.Althoughhumanscanreliablyplaceapeg
in a hole, it is difficult to capture the forces applied and the
feedback forces received. Hence, we chose to gather useful
expert data for the peg-in-hole task by teleoperation. Since
the amount of expert data is limited in this context, the
question we address in this work is: Can imitation learning
succeed in copying an expert with a small set of
demonstrations?
Toaddressthisissue,weﬁrstbuildateleoperationsystem
that uses a space mouse (see Fig. 5) to control a Yaskawa
GP8 robot. The feedback forces received by the MotoFit
forcesensorareplottedonadisplay,andtheexpertcanexert
forcesonthepegusingthespacemouse.Thefeedbackforces
and the applied forces are recorded as the expert performs
the peg-in-hole task. The recorded data is used to train a
neuralnetworkthattakestheforcefeedbackandthecurrent
positionandproducestheforcetobeapplied.Wespeciﬁcally
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was100.Therefore,withaviewtowardreducingthenumber
oftrainingepisodes,thegoalofthispaperistouseimitation
learning to copy the policy of human experts. We ﬁndthat
imitation is significantly more sample efficient; uses < 20
episodes to fully learn the policy for pegs with tighter
clearancesi.e.,6μm.
[16] proposed to use an analytical model of the contact
to develop better policies for the peg-in-hole insertion tasks.
The reactionary forces when a peg is pushed against the
hole at an arbitrary angle are recorded, and the model is
used to solve for the actual orientation of the peg. Once the
orientation is known, the peg is pushed in at the appropriate
angle. In our work, we assume the peg is aligned with the
hole within 2 degrees and obtain a policy that can push the
peg inside the hole and react appropriately if the peg is stuck
)LJXUH)LJXUHVKRZLQJWKH*$,/IUDPHZRUNXVHGIRUWKHSHJLQKROHWDVN mid way through the hole. We do not attempt to model the
7KHJHQHUDWRULVGHQRWHGE\*DQGWKHGLVFULPLQDWRULVGHQRWHGE\'DQG
contact, so our method is model-free.
WKHH[SHUWSROLF\LVGHQRWHGE\ʌH[SHUW
Visual imitation learning was proposed in [17], [2], [5],
[18] to copy an expert performing complex manipulation
use generative adversarial imitation learning (GAIL) [3] for tasks using a virtual reality controller. The tasks accomlearning the policy, which are known to be sample efficient. plished include inserting blocks into shape sorting cubes.
Although our work is superﬁcially similar, there are several
Pictorial representation of GAIL is provided in Fig. 2.
differences. First, we do not use vision because we assume
that the peg is close to the hole at the starting position.
Our contributions are:
Second, our objective requires signiﬁcantly higher precision
• We show that a neural network can be trained via
because the gap between the peg and the hole is only 6 μm.
generative methods to copy the actions taken by a This necessitates the use of impedance control using a force
human expert.
sensor rather than position/velocity control.
• We ﬁnd that only a handful of expert trajectories (less
III. P ROPOSED A RCHITECTURE
than ten) are sufﬁcient for the peg-in-hole task to
In imitation learning, behavior cloning [2] and generative
achieve a high success rate.
adversarial
imitation learning (GAIL) [3] are two approaches
The remainder of this paper is structured as follows. In
to
train
a
policy network. In behavior cloning, once the
Section II, we discuss related work. Following this in Section
dataset
is
collected,
it is used to train a policy network
III, we describe the proposed architecture. Subsequently, we
through
supervised
learning,
and the robot does no further
present experimental results in Section IV and conclude this
exploration
during
learning.
In
GAIL the reward function is
paper with a short discussion in Section V.
inferred from expert data, and the inferred reward function is
II. R ELATED W ORK
used to train the controller. GAIL has the potential to enable
Deep Seinforcement learning (D-RL) has been used to the robot to generalize better while using limited training data
learncontrollersforavarietyoftasksrangingfromwalking by training the policy network with reinforcement learning
robots [6], [7], [8] to manipulating objects with an arm [3]. This is similar to inverse reinforcement learning where a
[9], [10], [11], [12], [13]. Hence reinforcement learning, reward function is extracted from the expert data. However,
indeed,offersawaytorealizepeg-in-holetasksviarandom in GAIL, the reward function is never explicitly recovered
explorations, thereby eliminating the need to hand craft an from the expert data. Instead, a discriminator network (Fig. 3)
effective control/policy without using any form of expert is trained to distinguish between expert trajectories and
data. However, the remarkable success observed in D-RL trajectories generated by the generator policy network (see
cannot be translated directly to realize high precision as- Fig. 2). The trained discriminator is then used as a reward
sembly tasks. One of the factors being the hard limit on function to train the generator network (for example, with
the number of allowable training iterations in hardware. As PPO [19]) so as to confuse the discriminator. Thus, training
the tasks become more complex, the training becomes more the generator and discriminator proceed alternately in GAIL,
expensive. Sample efficiency of Uhe learning algorithm is and the generator improves over time. Neural network modcritical to directly deploy on real robots [14]. For example, els for both the generator and discriminator are shown in
in [15], the task of inserting the peg inside the hole deﬁnes Figs. 4, 3. See [3] for more details for the detailed description
a reward function and uses Q learning to arrive at a policy for the control algorithm for GAIL implemented in the robot.
After successful training, the generator network becomes
that, given the measured feedback forces, outputs the forces
tobeapplied.Theminimumnumberofepisodesrequiredfor our policy network. The inputs to the policy network are:
• x, y, z positions of the peg: px , py , pz .
learning a stable policy for a peg-hole clearance of 10 μm
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)LJXUH  7KH SROLF\ QHWZRUN JHQHUDWRU  WKDW WDNHV WKH FXUUHQWVWDWH
FXUUHQW IRUFH IHHGEDFN DQG SRVLWLRQ  DQG RXWSXWV WKHDFWXDWRU FRPPDQG
WDUJHW IRUFHV  WKDW DUH IHG DV LQSXW WR WKHWUDQVLPSHGDQFH FRQWUROOHU

)LJXUH  7KH GLVFULPLQDWRU QHWZRUN WKDW WDNHV VWDWH DFWLRQ SDLUV DV
LQSXW DQG FODVVLILHV LI WKH SDLU FRPHV IURP H[SHUWGDWD RU IURP WKH
JHQHUDWRU SROLF\  QHWZRUN

• Roll, pitch and yaw positions of the peg: prx , pry , prz .
The output of the policy network determines if the peg
should apply a downward force, apply wiggle in every time
step. Therefore, the action (Ap ) is a discrete variable, i.e.,
wiggle1 with a downward force, wiggle without a downward
force, apply a downward force without wiggle, and apply a
downward force with wiggle. Hence, there are four actions.
We will number the actions from 0 to 3 with each action
described as follows:
• 0: Downward force with wiggle
• 1: Downward force without wiggle
• 2: Wiggle without downward force
• 3: No wiggle and no downward force
The policy network is shown in Fig. 4. The ﬁrst layer is
the LayerNorm normalization layer and is followed by a 1D
convolutional layer along the time axis which accepts the
state input from the last few time steps. This is followed by
a few densely connected layers to produce the discretized
target force outputs. There are two notable aspects to this
network:
• At the very beginning, the ﬁrst layer is a normalization
layer with large epsilon. We explain below why this is
necessary.
• Even though stateful elements such as LSTM are not
used, the network is recurrent because the previous
outputs are included as inputs. This is needed to produce
output waveforms that look like, for example, a square
wave.
The layer normalization is deﬁned to be the following:

)LJXUH  7KH VSDFH PRXVH XVHG E\ WKH KXPDQ H[SHUW WR JXLGHWKH SHJ
LQWR WKH KROH

table, whereas the change in pz during insertion may only
be 20 mm (i.e., the height of the hole). We also use a large
 = 0.1 in order to suppress noise when one of the inputs is
mostly static and unchanging over time.
IV. R ESULTS

With the network architecture described, we now discuss
the main results. The experiments were performed on a
Yaskawa GP8 robot with the MotoFit 6-axis force sensor.
We wrote a program for the YRC1000 controller using
the MotoPlus API in C that communicates with a PC via
UDP. The average round trip latency between the PC and
the YRC1000 controller was less than 1 ms. The neural
network was implemented using Keras on a Linux PC. The
sampling rate for collecting the sensor data and to update
the target force was 100 Hz. We assume that the position of
the hole relative to the base of the robot is known and the
xi − mean(xi , xi−1 , . . . , xi−T +1 )
,
(1) peg is already positioned to be just above the hole (with an
LN (xi ) =
 + std(xi , xi−1 , . . . , xi−T +1 )
error of +/ − 1 mm, and with a randomly chosen roll and
where the mean and std are over the time dimension. The pitch angle (i.e., between −2 and +2 degree with respect to
subscriptsi,i−1,...arethetimeindicesGPSTUBUFT,withT the hole). Therefore, a camera is not necessary. However,
beingthesamplesize.Subtractionofthemeanisnecessary even if the peg is precisely placed above the hole, plain
becauseofthelargerangeofvaluestheinputmighttake. insertion i.e., applying a downward force on the peg, is not
For example, the position pz is fed in mm and can vary guaranteed to be successful every time. This is due to the
from −170 mm to +300 mm depending on the height of the fact that the position accuracy of the robot is >20 μN. The
transimpedance controller serves as the low level controller
1 Here wiggle means random forces being applied along roll, pitch and
yaw directions.
that receives actuator commands from the policy network.
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<> "GUFS FWFSZ FQJTPEF FRVBM OVNCFS PG TBNQMFT BSF
DIPTFO CPUI GSPN UIF HFOFSBUFE BOE FYQFSU EBUB  BOE UIF
EJTDSJNJOBUPS JT USBJOFE GPS BCPVU  ¦  JUFSBUJPOT
4JNJMBSMZ  BGUFS FWFSZ FQJTPEF  UIF EJTDSJNJOBUPS JT FWBMVBUFE
GPS UIF TBNQMFT BOE VTFE BT SFXBSE GPS UIF HFOFSBUPS 8JUI
UIFTF SFXBSET  UIF HFOFSBUPS JT USBJOFE WJB 110 *U JT XPSUI
OPUJOHUIBUUIFGSFRVFODZPGVQEBUFGPSUIFHFOFSBUPSJTNVDI
IJHIFSUIBOUIBUPGUIFEJTDSJNJOBUPS5IJTJTEVFUPUIFGBDU
UIBU UIF EJTDSJNJOBUPS UFOET UP MFBSO GBTUFS UIBO UIF
HFOFSBUPS5IFBCPWFUSBJOJOHGSBNFXPSLJTSVOGPSBCPVU
FQJTPEFT JO UIF SPCPU  BOE UIF SFTVMUT BSF PCUBJOFE 'JH 
TIPXT UIF USBKFDUPSJFT PG WFSUJDBM QPTJUJPO  SPMM BOE QJUDI
BOHMFTPGUIFQFHEVSJOHTPNFPGUIFUSBJOJOHFQJTPEFT*UDBO
CFWFSJGJFEUIBUUIFiXJHHMFwNPEFXJUIBEPXOXBSEGPSDFJT
UVSOFEPOXIFOFWFSUIFQFHJTTUVDL

)LJXUH  $ VDPSOH HSLVRGH ZKHUH WKH H[SHUW JXLGHV WKH SHJ LQWR WKH KROH
XVLQJ WKH VSDFH PRXVH 7KH SORWV DUH GHVFULEHG DVIROORZV IURP WRS WR
ERWWRP  IRUFH DORQJ [ GLUHFWLRQ XI[  IRUFH DORQJ \ GLUHFWLRQ XI\ 
IRUFH DORQJ ] GLUHFWLRQ XI] PRPHQW DERXW [ GLUHFWLRQ XIU[  PRPHQW
DERXW \ GLUHFWLRQ XIU\  PRPHQW DERXW ] GLUHFWLRQ XIU]  YHUWLFDO
SRVLWLRQ RISHJS] UROORISHJU[SLWFKRISHJU\ IRUFHPHDVXUHGDORQJ[
IRUFH PHDVXUHG DORQJ \ IRUFH PHDVXUHG DORQJ ] PRPHQWPHDVXUHG DERXW
[ DQG PRPHQW PHDVXUHG DERXW \

A. DataCollection
Collecting expert data proved to be a challenge. One
option was to detach the peg from the robot while leaving it
connected to the force sensor and to have the expert insert
it in the hole. The problem with this approach is that it is
difﬁcult to measure what forces the expert is applying on the
peg. Instead we chose to display the force sensor readings
along with the position of the peg on a screen and to have
the expert apply a force on the peg using a space mouse
(Fig. 5). The lack of haptic feedback is a major drawback
of this approach. Nevertheless, the experts were successful
in inserting the peg.
Fig 5 shows the expert operating the space mouse to
guide the peg into the hole. A constant downward force
is applied during insertion. The expert can apply forces in
the X and Y direction using the space mouse. Although a
torque in Rz can be applied, none of the experts did so. A
sampleepisodewheretheexpertsuccessfullyinsertsthepeg
isshowninFig.6.Wecollected8suchepisodesfortraining.
B. GAIL Training
Roughly 500 samples from the MotoFit algorithm were
used for Generator. Discriminators are trained with cross
FOUSPQZMPTT BOEUIFHFOFSBUPSTBSFUSBJOFEXJUIUIF110MPTT

Figs. 8 show the generator reward and the discriminator
lossasafunctionoftheepisodes.Itisworthnotingthatthe
generator and discriminator are playing a game, and there
is no termination condition. Both the losses must stabilize
to a constant value (or oscillates), which are nonzero. Fig.
9 shows the comparison between the untrained and trained
networks. As shown by Fig. 9, the action values applied
before training are arbitrary, and those applied aftertraining
aremoremeaningful.Itcanbeveriﬁedthattheinsertiontime
is also improved (from Fig. 8) after about eight episodes. A
videodemonstratingthetrainingofpeg-in-holeisprovidedin
thislink:KWWSV\RXWXEH]W\WUV*V.
V. C ONCLUSION
We showed that high precision assembly tasks such as
peg-in-hole insertions with small clearances can be trained
using imitation learning. Imitation learning is more sample
efﬁcientt hanr einforcementl earninga ndd oesn otrequire
reward shaping. We used generative methods for imitating
the expert policy. However, it is worth noting that gathering
expert data for such tasks still remains a challenge. Future
workwillinvolveusingbetterdatacollectiontechniquesand
performing imitation learning on a wider array of tasks.
ACKNOWLEDGMENT
WewouldliketothankProf.ShalabhBhatnagarforhelpfuldiscussions,andVaijayantiBallolli,RavitejaUpadrashta,
and Mouleeshwara Reddy for their assisting with the
Yaskawa GP8 robot. 5IJT QSPKFDU JT GVOEFE CZ :BTLBXB
*OEJB
R EFERENCES
[1] A. Ghosal, Robotics: fundamental concepts and analysis. Oxford
university press, 2006.
[2] T. Zhang, Z. McCarthy, O. Jow, D. Lee, X. Chen, K. Goldberg,
and P. Abbeel, “Deep imitation learning for complex manipulation
tasks from virtual reality teleoperation,” in 2018 IEEE International
Conference on Robotics and Automation (ICRA). IEEE, 2018.
[3] J. Ho and S. Ermon, “Generative adversarial imitation learning,” in
Advances in neural information processing systems, 2016, pp. 4565–
4573.
[4] M. Bojarski, D. Del Testa, D. Dworakowski, B. Firner, B. Flepp,
P. Goyal, L. D. Jackel, M. Monfort, U. Muller, J. Zhang et al., “End to
end learning for self-driving cars,” arXiv preprint arXiv:1604.07316,
2016.


Authorized licensed use limited to: J.R.D. Tata Memorial Library Indian Institute of Science Bengaluru. Downloaded on October 13,2020 at 11:05:31 UTC from IEEE Xplore. Restrictions apply.

−265
−270
−275
−280
−285

Peg pitch (degree)

1

Peg roll (degree)

Peg Z position (mm)

−260

0

−1

−2
0

5

10

15

20

0

5

10

Time (s)

15

1
0
−1
−2

20

0

5

10

Time (s)

15

20

Time (s)

)LJXUH3RVLWLRQRIWKHSHJS] UROORIWKHSHJSU[DQGSLWFKDQJOHRIWKHSHJSU\DUHJLYHQKHUHIRUHSLVRGHV UDQGRPO\FKRVHQIURPWKH ,WFDQEH
YHULILHGWKDWWKHLQLWLDOSRVHYDULHVIURPíWRGHJUHHV

−2
−3
−4

Insertion time (s)

Discriminator loss

Generator reward

−1
0.20

0.15

0.10

19
18
17
16
15
14

0.05
0

5

10

15

0.0

2.5

5.0

7.5

Episode

10.0

12.5

15.0

0

2

4

6

Episode

8

10

12

14

Episode

−265
−270
−275
−280

Trained
Untrained

−285

3.0

3.0

2.5

2.5

2.0

2.0

Action

−260

Action

Peg Z position (mm)

)LJXUH  )LJXUHV VKRZLQJ WKH JHQHUDWRU UHZDUG DQG WKH GLVFULPLQDWRU ORVV DQG WKH PHDQ LQVHUWLRQ WLPH DYHUDJHG RYHU FRQVHFXWLYH HSLVRGHV 
IRU WZHQW\ HSLVRGHV 7KH JHQHUDWRU UHZDUG RVFLOODWHV ZKLOH WKH GLVFULPLQDWRU ORVV VWDELOL]HV DIWHUDSSUR[LPDWHO\ WHQ HSLVRGHV 0RUH LPSRUWDQWO\
WKH PHDQ LQVHUWLRQ WLPH LV GHFUHDVLQJ RYHU WLPH

1.5
1.0
0.5

5

10

15

20

1.0
0.5

0.0

0

1.5

0.0
0.0

2.5

5.0

7.5

Time (s)

10.0

12.5

Time (s)

15.0

17.5

20.0

0

2

4

6

8

10

12

Time (s)

)LJXUH  /HIW ILJXUH LV VKRZLQJ WKH FRPSDULVRQ EHWZHHQ WKH UHVXOWV ZLWK WKH XQWUDLQHG DQG WUDLQHG QHWZRUNV $FWLRQV IURPDQ XQWUDLQHG PLGGOH 
DQG D WUDLQHG ULJKW  QHWZRUN DUH DOVR VKRZQ 7KH DFWLRQV IURP WKH XQWUDLQHG QHWZRUN DUH DUELWUDU\ZKLOH WKH WUDLQHG QHWZRUN \LHOGV D PRUH
PHDQLQJIXO SROLF\

[5] T. Yu, C. Finn, A. Xie, S. Dasari, T. Zhang, P. Abbeel, and S. Levine,
“One-shot imitation from observing humans via domain-adaptive
meta-learning,” arXiv preprint arXiv:1802.01557, 2018.
[6] D. Dholakiya, S. Bhattacharya, A. Gunalan, A. Singla, S. Bhatnagar,
B. Amrutur, A. Ghosal, and S. Kolathaya, “Design, development and
experimental realization of a quadrupedal research platform: Stoch,”
in 2019 5th International Conference on Control, Automation and
Robotics (ICCAR), April 2019, pp. 229–234.
[7] S. Bhattacharya, A. Singla, Abhimanyu, D. Dholakiya, S. Bhatnagar,
B. Amrutur, A. Ghosal, and S. Kolathaya, “Learning active spine
behaviors for dynamic and efﬁcient locomotion in quadruped robots,”
in 2019 28th IEEE International Conference on Robot and Human
Interactive Communication (RO-MAN), Oct 2019, pp. 1–6.
[8] S. Kolathaya, A. Joglekar, S. Shetty, D. Dholakiya, Abhimanyu,
A. Sagi, S. Bhattacharya, A. Singla, S. Bhatnagar, A. Ghosal, and
B. Amrutur, “Trajectory based deep policy search for quadrupedal
walking,” in 2019 28th IEEE International Conference on Robot and
Human Interactive Communication (RO-MAN), Oct 2019, pp. 1–6.
[9] T. P. Lillicrap, J. J. Hunt, A. Pritzel, N. Heess, T. Erez, Y. Tassa,
D. Silver, and D. Wierstra, “Continuous control with deep reinforcement learning,” arXiv preprint arXiv:1509.02971, 2015.
[10] S. Gu, E. Holly, T. Lillicrap, and S. Levine, “Deep reinforcement learning for robotic manipulation with asynchronous off-policy updates,”
in 2017 IEEE international conference on robotics and automation
(ICRA). IEEE, 2017, pp. 3389–3396.
[11] S. Levine and V. Koltun, “Guided policy search,” in International
Conference on Machine Learning, 2013, pp. 1–9.

[12] I. Popov, N. Heess, T. Lillicrap, R. Hafner, G. Barth-Maron, M. Vecerik, T. Lampe, Y. Tassa, T. Erez, and M. Riedmiller, “Dataefﬁcient deep reinforcement learning for dexterous manipulation,”
arXiv preprint arXiv:1704.03073, 2017.
[13] L. Pinto and A. Gupta, “Supersizing self-supervision: Learning to
grasp from 50k tries and 700 robot hours,” in 2016 IEEE international
conference on robotics and automation (ICRA). IEEE, 2016.
[14] T. Haarnoja, A. Zhou, K. Hartikainen, G. Tucker, S. Ha, J. Tan,
V. Kumar, H. Zhu, A. Gupta, P. Abbeel et al., “Soft actor-critic
algorithms and applications,” arXiv preprint arXiv:1812.05905, 2018.
[15] T. Inoue, G. De Magistris, A. Munawar, T. Yokoya, and R. Tachibana,
“Deep reinforcement learning for high precision assembly tasks,” in
2017 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS). IEEE, 2017, pp. 819–825.
[16] T. Tang, H.-C. Lin, Y. Zhao, W. Chen, and M. Tomizuka, “Autonomous
alignment of peg and hole by force/torque measurement for robotic
assembly,” in 2016 IEEE international conference on automation
science and engineering (CASE). IEEE, 2016, pp. 162–167.
[17] S. Gubbi and B. Amrutur, “One-shot object localization using learnt
visual cues via siamese networks,” in 2019 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). IEEE, 2019.
[18] T. Yu, P. Abbeel, S. Levine, and C. Finn, “One-shot hierarchical
imitation learning of compound visuomotor tasks,” arXiv preprint
arXiv:1810.11043, 2018.
[19] J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov,
“Proximal policy optimization algorithms,” arXiv preprint
arXiv:1707.06347, 2017.


Authorized licensed use limited to: J.R.D. Tata Memorial Library Indian Institute of Science Bengaluru. Downloaded on October 13,2020 at 11:05:31 UTC from IEEE Xplore. Restrictions apply.

