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Abstract

In multi-goal reinforcement learning with a sparse binary re-
ward, training agents is particularly challenging, due to a lack
of successful experiences. To solve this problem, hindsight
experience replay (HER) generates successful experiences
even from unsuccessful ones. However, generating successful
experiences from uniformly sampled ones is not an efficient
process. In this paper, the impact of exploiting the property
of achieved goals in generating successful experiences is in-
vestigated and a novel cluster-based sampling strategy is pro-
posed. The proposed sampling strategy groups episodes with
different achieved goals by using a cluster model and samples
experiences in the manner of HER to create the training batch.
The proposed method is validated by experiments with three
robotic control tasks of the OpenAl Gym. The results of ex-
periments demonstrate that the proposed method is substan-
tially sample efficient and achieves better performance than
baseline approaches.

Introduction

Reinforcement learning (RL) is a powerful framework for
training an agent to take sequential actions to complete a
task. The RL framework for learning multiple goals is called
multi-goal RL (Plappert et al. 2018). In both RL frame-
works, the training data is a set of experiences, which are
obtained through exploration and stored in a replay buffer.
The multi-goal RL environments cause a lack of success-
ful experiences in the replay buffer due to sparse binary
rewards, leading to challenging training of the agent. To
mitigate this problem, hindsight experience replay (HER)
was proposed in (Andrychowicz et al. 2017). HER improves
sampling efficiency by generating successful experiences,
named hindsight experiences, from experiences in the replay
buffer that contains both unsuccessful and successful ones.
However, generating hindsight experiences from successful
experiences is less efficient in sampling compared to gener-
ating from failed ones.

In this paper, it is found that the efficiency of HER can
be increased if experiences can be sampled in consideration
of the property of achieved goals. From this viewpoint, a
cluster-based sampling strategy is proposed to improve the
sampling efficiency of HER.
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Proposed Method

In this section, a novel cluster-based sampling strategy for
HER is presented. The proposed sampling strategy involves
the incorporation of a grouping process into the original
HER framework. The framework of HER includes three pro-
cesses of uniform samplings. As shown in the upper part
of Fig 1, the first process is for sampling episodes from
the replay buffer, the second one is for sampling one ex-
perience from each sampled episode, and the last one is to
sample experiences to be substituted by hindsight experi-
ences among sampled experiences in the second process.
The first process of HER can be designed in a way that
“hard episodes” are more likely sampled instead of using
uniform sampling, thereby enhancing the effectiveness of
HER. The “hard episode” refers to an episode whose last
achieved goal is hard to achieve by the current RL policy.
To realize this approach, HER with cluster-based sampling
(HER-CS) replaces the first sampling process with two pro-
cedures: grouping of episodes using a cluster model and
sampling the episodes uniformly from grouped episodes, as
depicted in the lower part of Fig 1.
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Figure 1: Frameworks of hindsight experience replay (HER)
and HER with cluster-based sampling (HER-CS).

The grouping procedure is based on a cluster model. To
group the episodes with consideration of “hard episodes”,
the cluster model is generated by applying a clustering al-
gorithm on failed goals (FG) that are the original goals
not achieved. The cluster model assigns cluster indices to
episodes in the replay buffer based on their last achieved
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goals. According to the cluster indices, the episodes are
grouped into clustered buffers. The clustered buffers R; are
a subset of the replay buffer and the number thereof is
equal to the number of the groups k. From each clustered
buffer, (batch_size/k) episodes are uniformly sampled to
form an episode batch containing batch_size episodes. With
the episode batch, the second and third uniform samplings
are performed in the manner of HER.

Throughout the exploration of the RL model, the FGs are
stored in the failed goal buffer (FGB). As the FGs accu-
mulate, the cluster model is periodically updated, because
continuing to use the old cluster model generated with old
FGs can interfere with the training of the RL. model. When
the FGB is filled with entirely new FGs, the cluster model
is updated. Once the cluster model is updated, the cluster
model provides the cluster index for each episode in the
replay buffer. For the episodes stored after the update, the
cluster index is given individually by the cluster model. The
important variables in this periodical update are the num-
ber of FGs used to update and the frequency of the update.
Ablation studies of these important variables, including pre-
liminary experiments, are provided in the supplemental file.

Experimental Results

In this section, we present the results of two experiments
conducted by using the proposed method alongside two
baseline algorithms: HER and Energy-based hindsight ex-
perience prioritization (HER-EBP) (Zhao and Tresp 2018).
HER-EBP is HER with a different kind of sampling strat-
egy. Experiments are conducted for three tasks in multi-goal
environments discussed in (Plappert et al. 2018). The three
tasks are Push, PickAndPlace, and Slide tasks. The integra-
tion of the proposed sampling strategy into HER is based on
the implementation in (Vecchietti et al. 2020).

The performance of the proposed method is evaluated in
terms of the success rate. After each epoch of 200 epochs for
training, the success rate is calculated with 20 test episodes.
The sequence of training followed by evaluation is repeated
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Figure 2: Comparison of training performance: (a)-(c) HER
vs. HER-CS; (d)-(f) HER-EBP vs. HER-EBP-CS.
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with 5 random seeds. In the graphs in Fig 2, the solid curve
shows the average of five success rates for each epoch and
the upper and lower boundary lines of the shaded area show
the minimum and maximum success rates.

The left side of Fig 2 compares the performances of HER
and HER-CS for the three tasks. The right side compares
the performances of HER-EBP and HER-EBP with the pro-
posed sampling strategy (HER-EBP-CS) for the same tasks.
Fig 2(a), (b), (d), and (e) illustrate that the proposed method
enhances the performance of both HER and HER-EBP. It
can be seen that the convergence speeds in the Push task
and the maximum success rates in the PickAndPlace task
are improved. As depicted in Fig 2(c) and (f), although there
are marginal performance enhancements, all four algorithms
achieve comparable success rates in the Slide task, indicat-
ing the inherent difficulty of this particular task.

Discussion & Conclusion

In this paper, the effect of leveraging the property of
achieved goals within HER process on performance en-
hancements in the baselines is discussed with the proposed
method exploiting cluster-based sampling. As shown in the
graphs for the Push and PickAndPlace task, the proposed
method reduces the width of the shaded area, which rep-
resents the variation in success rates across random seeds.
This indicates that the proposed method can enhance train-
ing stability regardless of the initial random seed used.
Furthermore, integrating the proposed method with HER-
EBP, which employs a different sampling strategy for HER,
demonstrates performance improvements. This suggests the
upside potential that can be realized by combining the pro-
posed method with other sampling strategies.
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