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요 약
The robot training process for real-world manipulation tasks is arduous because it usually requires additional error correction steps caused by unexpected exterior forces or its instability of the control, and it needs human help and lots of training
time to build a manipulation model. Moreover, simple behavioral cloning based approaches suffer from the lack of generalization of the trained model. Utilizing simulation data with real-world demonstration data simultaneously is a more efficient
way to train robot manipulation tasks for real-world applications. To improve model generality, in this paper, we propose
entropy regularized one-shot imitation learning with few-shot meta-learning method. We expect that our proposed entropy
regularization-based task-embedding control networks can handle more various action behaviors so that it acts more properly
and flexibly for new tasks.

1

Introduction
Strong representation power of deep neural networks makes use

of neural networks to robot control problem nowadays. While deep
neural networks are powerful tools for approximating any functions from big data, however, their demanding training time makes
it hard to be applied to complex problems. Aside from the fact
that training robots require correcting errors caused by unexpected
exterior forces or its instability of the control, manipulating robots
automatically in the real world is more arduous in that it needs hu-

그림 1: (upper) the Motivation of entropy regularized method (bottom) the explanation of embedding in TecNet

man’s help and lots of time for robots to be learned. Thus, a mostly
used method is an approach where training robots in simulation environments instead and then adapting its policy into the real world.
However, directly applying the learned policy into the real world
problem is highly inaccurate even though we make use of simulation environments similar to the real world. So, using simulation
data with data in the real world simultaneously is a more feasible
way of manipulating robots in the real world.
One-shot imitation learning [1, 2] uses both of them, simulate
and real data, and it successfully trains robots by meta-learning
for reaching, pushing, and pick-and-placing tasks. Also, TecNet
[3] uses few-shot learning techniques which implies meta learning method for embedding identities of tasks. However, since the

to-solve problems. On the other hand, meta learning makes it possible to act properly for some new tasks. So, in this paper, we propose entropy regularized one-shot imitation learning with few-shot
meta learning. It is well-known that by maximizing entropy regularization of its policy it can learn various actions and acquire
multi-modality. Thus, we expect robots to learn proper actions
with variability so that it can act more flexibly for new tasks. We
experimented entropy regularized algorithm in Mujoco Pusher environment and examine its loss and embedding accuracy behavior.
We expect to expand this approach to other tasks and the real world
problem also with measuring the success rate in the next paper.

two papers use simple behavioral cloning methods, their proposed
methods cannot fully solve tasks when confronting new and hard- 2
0) This work was partly supported by the Korea government (P0006720ILIAS, 2019-0-01367-BabyMind, 2015-0-00310-SW.StarLab, 2017-0-01772VTT, 2018-0-00622-RMI), and Seoul National University Institute of Computer
Technology.

Related Work

2.1

Few-shot Learning and TecNet

Few-shot learning is originally from learning how to classify
images making use of meta learning form in nature [4, 5]. The
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the goal, it needs another actions to avoid obstacles. In this paper,
we didn’t experiment including obstacles but we expect it for future paper.

3

Algorithm
We follow the exact algorithm of preceded paper but the entropy

regularized loss term and the form of policy. Because for the policy to have the property of variability, it has to be stochastic not
deterministic. While, in TecNet, the action is decided deterministically given observation and embedding of each tasks, we make

그림 2: Success cases of pushing task

the policy stochastic by imposing its form into Gaussian distributraining algorithm uses the set of support set which pre-updates
parameters and query set which meta-updates parameters. That
being said, when testing the algorithm updates parameters using
support set for predicting its label of query set in test datasets,
i.e., adapted to a specific task. Because of this training format,
it learns meta parameters that can be adapted to new tasks well.
TecNet utilizes the few-shot learning algorithm by learning em-

tion so that the policy can produce more flexible actions and we
can compute the entropy of the policy. Thus, in this algorithm, the
output of policy is mean and variance of action. Algorithm 1 is one
sample version of entropy regularized one-shot imitation learning
with meta learning. Batch-version of it is simply extended by calculating them for multiple tasks. Specifically, the entropy of Gaussian distribution with variance σ is the following:
√
Entropy = log σ 2πe

bedding of tasks to notify the robot to recognize what tasks to do
when given an example demonstration. TecNet [3] consists of two
learning part, learning embedded representation of tasks and learn-

(1)

While the deterministic policy produces a single action, the

ing control of robots. For example, for support sets, TS , compute stochastic policy produces a distribution of action. Using stochasP
the mean of its embedding, i.e., eS = |T1S | τ ∼TS f (τ ) where τ tic policy, action in training and test is obtained by sampling Gausindicates robot trajectory images for specific tasks. And the loss sian distribution.
is the hinge loss function which minimizes the sum of all distance Algorithm 1 one-sample version of Entropy-Regularized Alg.
between embeddings of same class of tasks for all the tasks, i.e.,
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the embedding of query tasks and i and j indicate the i-th and j-th

2:

sample from each tasks. For learning control of robots, the policy

3:

conditioned by each task embedding is learned by simple behav-

4:

ioral cloning algorithm, i.e., ||π(o, eS ) −

a||22 ,

where o indicates

5:

the current robot configuration(or state) and a indicates given ac6:

tion. The upper side of figure 1 shows abstract explanation of Tec-

j
ejQ = f (τQ
)
P
Lemb = i6=j max[0, margin − ejS · ejQ + ejS · eiQ ]
P P
Lctr = j (o,a)∈τ j ||π(o, ejS ) − a||22
S
√
P P
Lent = j (o,a)i ∈τ j log(σi,j 2πe) {where σi,j is the variS
ance of action from the policy j in each state i}
Lf inal = Lemb + Lctr + Lent

Nets. Similar tasks are embedded in a similar representation on the
representation space. Robot images are from TecNet paper [3].

4
2.2

Entropy Regularization

Experiment
In the experiments, we used Mujoco environment, the number of

Energy-based reinforcement learning algorithm uses entropy objects, data, and network architecture as same as in TecNet paper.
regularized policy for multi-modality of its behavior [6]. Entropy Specifically, we experimented ”pushing” task in a simulation enviregularization loss is added to the total loss for every trajectory and ronment using entropy regularization multiplied with 1e-5 for prestate. Likewise, we add the entropy term to every trajectory and venting it from increasing infinitely. The ”pushing” task requires
state with mean squared error term of behavioral cloning part. The for the robot to reach target object and push it to the goal point
bottom side of figure 1 shows why this entropy regularization term visualized by a red point. Figure 2 shows success cases of pushis needed. If robots encounters obstacles while pushing bottle to ing tasks and, in figure 3, we show the entropy of policy and the
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of Proceedings of Machine Learning Research, pp. 357–368,
PMLR, 2017.
[2] S. James, M. Bloesch, and A. J. Davison, “Task-embedded
control networks for few-shot imitation learning,” in 2nd Annual Conference on Robot Learning, CoRL 2018, Zürich,
Switzerland, 29-31 October 2018, Proceedings, vol. 87 of Proceedings of Machine Learning Research, pp. 783–795, PMLR,
2018.
[3] S. James, M. Bloesch, and A. J. Davison, “Task-embedded
control networks for few-shot imitation learning,” in 2nd Annual Conference on Robot Learning, CoRL 2018, Zürich,
그림 3: (upper) the entropy of policy (bottom) the embedding accuracy of embedding network

Switzerland, 29-31 October 2018, Proceedings, vol. 87 of Proceedings of Machine Learning Research, pp. 783–795, PMLR,
2018.

embedding accuracy of embedding network regarding to training
step for our algorithm and original algorithm. The x-axis is train-

[4] O. Vinyals, C. Blundell, T. Lillicrap, K. Kavukcuoglu, and
D. Wierstra, “Matching networks for one shot learning,” in

ing step and we trained networks about 2k steps. We can observe

Advances in Neural Information Processing Systems 29: An-

the accuracy of embedding representation increases while the en-

nual Conference on Neural Information Processing Systems

tropy of policy is maintained. We show that we can maintain the

2016, December 5-10, 2016, Barcelona, Spain (D. D. Lee,

accuracy of its representation power while the entropy of its policy

M. Sugiyama, U. von Luxburg, I. Guyon, and R. Garnett, eds.),

is maintained and, also, we can use Gaussian-policy for behavioral

pp. 3630–3638, 2016.

cloning by matching the mean of Gaussian-policy with given ac-

tion. In future work, we will experiment the application of entropy [5] J. Snell, K. Swersky, and R. S. Zemel, “Prototypical networks
regularization algorithm to avoid new obstacles.
for few-shot learning,” in Advances in Neural Information
Processing Systems 30: Annual Conference on Neural Infor-

5

mation Processing Systems 2017, 4-9 December 2017, Long

Conclusion

Beach, CA, USA (I. Guyon, U. von Luxburg, S. Bengio, H. M.
Wallach, R. Fergus, S. V. N. Vishwanathan, and R. Garnett,

In this paper, we have introduced how we can manipulate

eds.), pp. 4077–4087, 2017.

robot in the real world and propose entropy regularized behavioral
cloning for one-shot imitation meta learning. While we didn’t pro-

[6] T. Haarnoja, H. Tang, P. Abbeel, and S. Levine, “Reinforce-

vide exact robot success rate and how entropy regularized method
behaves, we provided how entropy regularized embedding and
loss behaves. Also, we formalized entropy regularized behavioral
cloning by imposing policy into the form of Gaussian distribution
so that we can add entropy term into the final loss. In future works,
we expect to experiment with obstacles and produce robot success
rate.
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