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Overview

This work deals with sparse rewards challenges in
reinforcement learning (RL) and assumes that not
all the failed experiences are equally useful to dif-
ferent learning stages.

We adopt a human-like learning strategy that en-
forces more curiosity in earlier stages and changes
to larger goal-proximity later:
1) adaptively select the failed experiences for re-
play according to the proximity to true goals and
the curiosity of exploration over diverse pseudo
goals;
2) gradually change the proportion of the goal-
proximity and the diversity-based curiosity in the
selection criteria.

Our “Goal-and-Curiosity-driven Curriculum
Learning” leads to “Curriculum-guided HER
(CHER)”, which adaptively and dynamically
controls the exploration-exploitation trade-off dur-
ing the learning process via hindsight experience
selection.
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There are FetchReach environment and four
Shadow Dexterous Hand environments: Han-
dReach, Block manipulation, Egg manipulation
and Pen manipulation.

Methodology

In contrast to uniform sampling, we propose to select a subset of achieved goals A ⊆ B according to
max

A⊆B,|A|≤k
F (A) , λFprox(A) + Fdiv(A).

•Goal-proximity: their proximity to the desired goals Fprox(A) , ∑
i∈A sim(gi, g)

•Diversity-based curiosity: their diversity that reflects the curiosity of agent exploring different achieved
goals in the environment Fdiv(A) , ∑

j∈B maxi∈A sim(gi, gj)
•Utility score:

F (i|A) =λ sim(gi, g) +
∑
j∈B

max
{
0, sim(gi, gj)−max

l∈A
sim(gl, gj)

}
.

In practice: kd-tree to build a sparse K-nearest neighbor graph of pseudo goals; lazier than lazy greedy.

Experiments

Baselines: DDPG, DDPG+HER (uniformly), DDPG+HEREBP (energy function)
Toy example – FetchReach

- The red points (selected achieved goals) compose a diverse and representative subset of the gray points
(all achieved goals), but some are not close to any green point (desired goals) since CHER prefers diversity
than proximity in earlier episodes.
- Most red points are close to some green points due to the large proximity in later episodes’ selection
criteria, but some regions with many gray points concentrated do not contain any red point since CHER
prefers proximity more than diversity.
Benchmark results – Hand environments

CHER learns much faster than other RL methods.

Conclusion

•CHER is the first work that adaptively selects
failed experiences for replay according to their
compatibility and usefulness to different learning
stages of deep RL;
•A large diversity is beneficial to earlier explo-
ration, while a large proximity to the desired
goals is essential for effective exploitation in later
stages;
•The sample efficiency and learning speed of off-
policy RL algorithms can be significantly im-
proved by CHER;
•Better than other HER-based approaches;
•CHER does not make assumptions on tasks and
environments, and can potentially be generalized
to other more complicated tasks, environments
and settings.
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