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Motivation

»As one of the most fundamental topics in reinforcement learning
(RL), sample efficiency is essential to the deployment of deep RL
algorithms. Existing researches tried to alleviate the need for
samples by solving the credit assignment problem or introducing
expert demonstration. On the other hand, existing exploration
methods sample an action from different types of posterior
distributions. However, these methods neglect the importance of
expert demonstration in exploration.

» To deploy deep RL algorithms to some costly domains, such as
robotic manipulation and autonomous driving, it is of paramount
Importance to model the internal hierarchy of the environment.
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Structure of selective sampling



Method

»We focus on the policy sampling process and propose an efficient

selective sampling approach to improve the sample efficiency by
modeling the internal hierarchy of the environment.

»We first employ clustering methods on the policy sampling process,
which generates an action candidate set. Then we introduce a
clustering buffer for modeling the internal hierarchy, which consists
of on-policy data, off-policy data, and expert data, to evaluate
actions in the action candidate set in the exploration stage.

» Selective sampling has played an essential role in the exploration
stage and is able to take more advantage of the supervision
iInformation in the expert demonstration data.



Method

Algorithm 1 Selective sampling
Require: on-policy data Doy, off-policy data D.g, ex-

pert data Dg
Ensure: learned policy my(a | s)
1: Initialize network parameters 0, 07, ¢
2: for each environment step do
31 Ds+an~my(-]|se)

4: D. + (Don, Dost, DE)

5. N¢ + AgglomerativeClustering(D.)

6: C + K-means(D., N, Ds)

7:  for each cin C do

& Vule) &= m= T mlsh ax)

9:  end for

10: @selected — Random(Softmax.ccV;(c))
11: St41 T( I 3t7aselected)

12: DQ £ DQ U {St; Agelected, T't, 5t+1}
13:  for each gradient step do

14: 00— qVeBy(Q)
15: ¢ — ¢ — AV To(m)
16: 9_ L )\tal‘gete + (1 o Atarget)e_

17: end for
18: end for
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Convergence curves of training in Mujoco (left & middle) and LGSVL (right) tasks



Conclusions

» This paper presents a novel sampling approach, selective
sampling, to improve the sample efficiency of RL. Experiments on
six different continuous locomotion environments demonstrate
superior RL performance and faster convergence of selective
sampling. In particular, on the LGSVL task, our method can
reduce the number of convergence steps by 46.7% and the
convergence time by 28.5%.

»In the implementation of selective sampling, we recommend to
Increase the expert data and on-policy data in costly domains,
such as robotic manipulation and autonomous driving. The ward
setting and average setting are recommended for the linkage
criterion.
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