Published as a conference paper at ICLR 2022

SKILL-BASED META-REINFORCEMENT LEARNING

Taewook Nam', Shao-Hua Sun?, Karl Pertsch?, Sung Ju Hwang!-3, Joseph J. Lim!*!
Korea Advanced Institute of Science and Technology'

University of Southern California?, AITRICS?, Naver Al Lab*
namsan@kaist.ac.kr, {shaohuas, pertsch}@usc.edu,
sjhwang82@kaist.ac.kr, joe.lim@kaist.ac.kr

ABSTRACT

While deep reinforcement learning methods have shown impressive results in
robot learning, their sample inefficiency makes the learning of complex, long-
horizon behaviors with real robot systems infeasible. To mitigate this issue, meta-
reinforcement learning methods aim to enable fast learning on novel tasks by
learning how to learn. Yet, the application has been limited to short-horizon
tasks with dense rewards. To enable learning long-horizon behaviors, recent
works have explored leveraging prior experience in the form of offline datasets
without reward or task annotations. While these approaches yield improved sample
efficiency, millions of interactions with environments are still required to solve
complex tasks. In this work, we devise a method that enables meta-learning on
long-horizon, sparse-reward tasks, allowing us to solve unseen target tasks with
orders of magnitude fewer environment interactions. Our core idea is to leverage
prior experience extracted from offline datasets during meta-learning. Specifically,
we propose to (1) extract reusable skills and a skill prior from offline datasets, (2)
meta-train a high-level policy that learns to efficiently compose learned skills into
long-horizon behaviors, and (3) rapidly adapt the meta-trained policy to solve an
unseen target task. Experimental results on continuous control tasks in navigation
and manipulation demonstrate that the proposed method can efficiently solve long-
horizon novel target tasks by combining the strengths of meta-learning and the
usage of offline datasets, while prior approaches in RL, meta-RL, and multi-task
RL require substantially more environment interactions to solve the tasks.

1 INTRODUCTION

In recent years, deep reinforcement learning methods have achieved impressive results in robot
learning (Gu et al., 2017; Andrychowicz et al., 2020; Kalashnikov et al., 2021). Yet, existing
approaches are sample inefficient, thus rendering the learning of complex behaviors through trial
and error learning infeasible, especially on real robot systems. In contrast, humans are capable of
effectively learning a variety of complex skills in only a few trials. This can be greatly attributed to
our ability to learn how to learn new tasks quickly by efficiently utilizing previously acquired skills.

Can machines likewise learn to how to learn by efficiently utilizing learned skills like humans?
Meta-reinforcement learning (meta-RL) holds the promise of allowing RL agents to acquire novel
tasks with improved efficiency by learning to learn from a distribution of tasks (Finn et al., 2017;
Rakelly et al., 2019). In spite of recent advances in the field, most existing meta-RL algorithms
are restricted to short-horizon, dense-reward tasks. To facilitate efficient learning on long-horizon,
sparse-reward tasks, recent works aim to leverage experience from prior tasks in the form of offline
datasets without additional reward and task annotations (Lynch et al., 2020; Pertsch et al., 2020;
Chebotar et al., 2021). While these methods can solve complex tasks with substantially improved
sample efficiency over methods learning from scratch, millions of interactions with environments are
still required to acquire long-horizon skills.
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Figure 1: We propose a method that jointly leverages
We propose to leverage the offline experience (1) a large offline dataset of prior experience collected
by extracting reusable skills — short-term be- Aacross many tasks without reward or task annotations
haviors that can be composed to solve unseen and (2) a set of meta-training tasks to learn how to
lone-horizon tasks. We emplov a hierarchical quickly solve unseen long-horizon tasks. Our method
g ] . h Co hp hy . extracts reusable skills from the offline dataset and meta-
meta' carning schéme in which we meta'tram 4 learn a policy to quickly use them for solving new tasks.
high-level policy to learn how to quickly reuse
the extracted skills. To efficiently explore the learned skill space during meta-training, the high-level
policy is guided by a skill prior which is also acquired from the offline experience data.

We evaluate our method and prior approaches in deep RL, skill-based RL, meta-RL, and multi-task
RL on two challenging continuous control environments: maze navigation and kitchen manipulation,
which require long-horizon control and only provides sparse rewards. Experimental results show that
our method can efficiently solve unseen tasks by exploiting meta-learning tasks and offline datasets,
while prior approaches require substantially more samples or fail to solve the tasks.

In summary, the main contributions of this paper are threefold:

 To the best of our knowledge, this is the first work to combine meta-reinforcement learning
algorithms with task-agnostic offline datasets that do not contain reward or task annotations.

* We propose a method that combines meta-learning with offline data by extracting learned
skills and a skill prior as well as meta-learning a hierarchical skill policy regularized by the
skill prior.

* We empirically show that our method is significantly more efficient at learning long-horizon
sparse-reward tasks compared to prior methods in deep RL, skill-based RL, meta-RL, and
multi-task RL.

2 RELATED WORK

Meta-Reinforcement Learning. Meta-RL approaches (Duan et al., 2016; Wang et al., 2017; Finn
etal., 2017; Yu et al., 2018; Rothfuss et al., 2019; Gupta et al., 2018; Vuorio et al., 2018; Nagabandi
et al., 2019; Clavera et al., 2019; 2018; Rakelly et al., 2019; Vuorio et al., 2019; Yang et al., 2019;
Zintgraf et al., 2019; Humplik et al., 2019; Zintgraf et al., 2020; Liu et al., 2021) hold the promise
of allowing learning agents to quickly adapt to novel tasks by learning to learn from a distribution
of tasks. Despite the recent advances in the field, most existing meta-RL algorithms are limited to
short-horizon and dense-reward tasks. In contrast, we aim to develop a method that can meta-learn to
solve long-horizon tasks with sparse rewards by leveraging offline datasets.

Offline datasets. Recently, many works have investigated the usage of offline datasets for agent
training. In particular, the field of offline reinforcement learning (Levine et al., 2020; Siegel et al.,
2020; Kumar et al., 2020; Yu et al., 2021) aims to devise methods that can perform RL fully offline
from pre-collected data, without the need for environment interactions. However, these methods
require target task reward annotations on the offline data for every new tasks that should be learned.
These reward annotations can be challenging to obtain, especially if the offline data is collected from
a diverse set of prior tasks. In contrast, our method is able to leverage offline datasets without any
reward annotations.

Offline Meta-RL. Another recent line of research aims to meta-learn from static, pre-collected
datasets including reward annotations (Mitchell et al., 2021; Pong et al., 2021; Dorfman et al., 2021).
After meta-training with the offline datasets, these works aim to quickly adapt to a new task with only
a small amount of data from that new task. In contrast to the aforementioned offline RL. methods
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these works aim to adapt tmseertasks and assume access to dimhited datafrom the new tasks.
However, in addition to reward annotations, these approaches often require that the of ine training
data is split into separate datasets for each training tasks, further limiting the scalability.

Skill-based Learning. An alternative approach for leveraging of ine data that does not require
reward or task annotations is through the extraction of skills — reusable short-horizon behaviors.
Methods for skill-based learning recombine these skills for learning unseen target tasks and converge
substantially faster than methods that learn from scratch (Lee et al., 2018; Hausman et al., 2018;
Sharma et al., 2020; Sun, 2022). When trained from diverse datasets these approaches can extract
a wide repertoire of skills and learn complex, long-horizon tasks (Merel et al., 2020; Lynch et al.,
2020; Pertsch et al., 2020; Ajay et al., 2021; Chebotar et al., 2021; Pertsch et al., 2021). Yet, although
they are more ef cient than training from scratch, they still require a large number of environment
interactions to learn a new task. Our method instead combines skills extracted from of ine data with
meta-learning, leading to signi cantly improved sample ef ciency.

3 PrROBLEM FORMULATION AND PRELIMINARIES

Our approach builds on prior work for meta-learning and learning from of ine datasets and aims to
combine the best of both worlds. In the following we will formalize our problem setup and brie y
summarize relevant prior work.

Problem Formulation. Following prior work on learning from large of ine datasets (Lynch et al.,
2020; Pertsch et al., 2020; 2021), we assume access to a dataset of state-action trdpectories
fsi;ar;::gwhich is collected either across a wide variety of tasks or as “play data” with no particular
task in mind. We thus refer to this datasetask-agnosticWith a large number of data collection

tasks, the dataset covers a wide variety of behaviors and can be used to accelerate learning on diverse
tasks. Such data can be collected at saap,through autonomous exploration (Hausman et al.,
2018; Sharma et al., 2020; Dasari et al., 2019), human teleoperation (Schaal et al., 2005; Gupta
et al., 2019; Mandlekar et al., 2018; Lynch et al., 2020), or from previously trained agents (Fu

et al., 2020; Gulcehre et al., 2020). We additionally assume access to a set of meta-training tasks

tuplefS ;A;P;r; ; gof states, actions, transition probability, reward, initial state distribution, and
discount factor.

Our goal is to leverage both, the of ine datagetand the meta-training tasKs, to accelerate the
training of a policy (ajs) on atargettask which is also represented as an MDP. Crucially, we do

not assume thak is a part of the set of training tasis nor thatD contains demonstrations for
solvingT . Thus, we aim to design an algorithm that can leverage of ine data and meta-training
tasks for learning how to quickly compose known skills for solving an unseen target task. Next, we
will describe existing approaches tetherleverage of ine datar meta-training tasks to accelerate
target task learning. Then, we describe how our approach takes advantage of the best of both worlds.

Skill-based RL. One successful approach for leveraging task-agnostic datasets for accelerating the
learning of unseen tasks is though the transfer of reusls, i.e. short-horizon behaviors that can
be composed to solve long-horizon tasks. Prior work in skill-based RL called Skill-Prior RL (SPIiRL,
Pertsch et al. (2020)) proposes an effective way to implement this idea. Speci cally, SPIiRL uses
a task-agnostic dataset to learns two models: (1) a skill polfeys; z) that decodes a latent skill
representatiom into a sequence of executable actions and (2) a prior over latent skill varj#zis}
which can be leveraged to guide exploration in skill space. SPIRL uses these skills for learning new
tasks ef ciently by training a high-level skill policy (zjs) that acts over the space of learned skills
instead of primitive actions. The target task RL objective extends Soft Actor Critic (SAC, Haarnoja
et al. (2018)), a popular off-policy RL algorithm, by guiding the high-level policy with the learned
skill prior: X

max  Ega)  f(siz) D (2s)ip(@is) (1)

t

HereDy, denotes the Kullback-Leibler divergence between the policy and skill prior, dac
weighting coef cient.

Off-Policy Meta-RL. Rakelly et al. (2019) introduced an off-policy meta-RL algorithm called
probabilistic embeddings for actor-critic RL (PEARL) that leverages a set of training Tasixs
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Figure 2:Method Overview. Our proposed skill-based meta-RL method has three phéigeSkill Extraction :

learns reusable skills from snippets of task-agnostic of ine data through a skill extractarn() and low-level

skill policy (blue). Also trains a prior distribution over skill embeddings€en). (2) Skill-based Meta-training:
Meta-trains a high-level skill policyr¢d) and task encodep(irple) while using the pre-trained low-level policy.

The pre-trained skill prior is used to regularize the high-level policy during meta-training and guide exploration.
(3) Target Task Learning: Leverages the meta-trained hierarchical policy for quick learning of an unseen
target task. After conditioning the policy by encoding a few transitonfsom the target task , we continue
ne-tuning the high-level skill policy on the target task while regularizing it with the pre-trained skill prior.

enable quick learning of new tasks. Speci cally, PEARL leverages the meta-training tasks for
learning a task encodefejc). This encoder takes in a small set of state-action-reward transttions
and produces a task embeddmgrhis embedding is used to condition the act@ajs; z) and critic
Q(s;a; €. In PEARL, actor, critic and task encoder are trained by jointly maximizing the obtained
reward and the policy's entrogy (Haarnoja et al., 2018):

X
maxEr pre q(jcr) E(sc:an)
t

o fr(ssa)+ H o (ajsi;e) 2)
Additionally, the task embedding output of the task encoder is regularized towards a constant prior
distributionp(e).

4 APPROACH

We proposeskill-basedM etaPolicy Learning (SiMPL), an algorithm for jointly leveraging of ine

data as well as a set of meta-training tasks to accelerate the learning of unseen target tasks. Our
method has three phaség) skill extraction: we extract reusable skills and a skill prior from the

of ine data (Section 4.1)(2) skill-based meta-training we utilize the meta-training tasks to learn

how to leverage the extracted skills and skill prior to ef ciently solve new tasks (Section(3)2),

target task learning: we ne-tune the meta-trained policy to rapidly adapt to solve an unseen target
task (Section 4.3). An illustration of the proposed method is shown in Figure 2.

4,1 <XILL EXTRACTION

To acquire a set of reusable skills from the of ine datd3etve leverage the skill extraction approach
proposed in Pertsch et al. (2020). Concretely, we jointly train (1) a skill enagdis.« ; a0k 1)

that embeds aK -steps trajectory randomly cropped from the sequencBsiimo a low-dimensional

skill embeddingz, and (2) a low-level skill policy (a;jst; z) that is trained with behavioral cloning

to reproduce the action sequerage 1 given the skill embedding. To learn a smooth skill repre-
sentation, we regularize the output of the skill encoder with a unit Gaussian prior distribution, and
weight this regularization by a coef cient (Higgins et al., 2017):

KY 1
maxE; q log (ajsi;z) Dk a(zisok;aok 1);N(0;1) 3)
; =0
Z——fz—} | 0 A— }
behavioral cloning embedding regularization

Additionally, we follow Pertsch et al. (2020) and learn a skill ppfzjs) that captures the distribution
of skills likely to be executed in a given state under the training data distribution. The prior is trained to
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match the output of the skill encodemin, Dy bo(zjso:k ; @80:k  1)C; P(zjSo) . Hereb cindicates
that gradient ow is stopped into the skill encoder for training the skill prior.

4.2 <XILL-BASED META-TRAINING

We aim to learn a policy that can quickly learn to leverage the extracted skills to solve new tasks. We
leverage off-policy meta-RL (see Section 3) to learn such a policy using our set of meta-training tasks
T. Similar to PEARL (Rakelly et al., 2019), we train a task-encoder that takes in a set of sampled
transitions and produces a task embeddinGrucially, we leverage our learned skills by training a
task-embedding-conditioned policy owillsinstead of primitive actions: (zjs; €), thus equipping

the policy with a set of useful pre-trained behaviors and reducing the meta-training task to learning
how to combine these behaviors instead of learning them from scratch. We nd that this usage of
of ine data through learned skills is crucial for enabling meta-training on complex, long-horizon
tasks (see Section 5).

Prior work has shown that the ef ciency of RL on learned skill spaces can be substantially improved
by guiding the policy with a learned skill prior (Pertsch et al., 2020; Ajay et al., 2021). Thus, instead of
regularizing with a maximum entropy objective as done in prior work on off-policy meta-RL (Rakelly
et al., 2019), we propose to regularize the meta-training policy with our pre-trained skill prior, leading
to the following meta-training objective:

X
maxEr pre q(jcr) Esiz) o f1(S52) D (Zis;€);pzist) @ (4)
t

where determines the strength of the prior regularization. We automatically twie dual gradient
descent by choosing a target divergendeetween policy and prior (Pertsch et al., 2020).

To compute the task embeddiegwe used multiple different sizes of We found that we can
increase training stability by adjusting the strength of the prior regularization to the size of the
conditioning set. Intuitively, when the high-level policy is conditioned on only a few transitions,
i.e. when the satis small, it has only little information about the task at hand and should thus be
regularized stronger towards the task-agnostic skill prior. Conversely, wiselarge, the policy

likely has more information about the target task and thus should be allowed to deviate from the skill
prior more to solve the task, i.e. have a weaker regularization strength.

To implement this intuition, we employ a simple approach: we dawetarget divergences and

2 and associated auto-tuned coef cientsand , with ; < ,. We regularize the policy using
the larger coef cient ; with small conditioning transition set and otherwise we regularize using the
smaller coef cient ,. We found this technique simple yet suf cient in our experiments and leave the
investigation of more sophisticated regularization approaches for future work.

4.3 TARGET TASK LEARNING

When a target task is given, we aim to leverage the meta-trained policy for quickly learning how to
solve it. Intuitively, the policy should rst explore different skill options to learn about the task at
hand and then rapidly narrow its output distribution to those skills that solve the task. We implement
this intuition by rst collecting a small set of conditioning transitioosfrom the target task by
exploring with the meta-trained policy. Since we have no information about the target task at this
stage, we explore the environment by conditioning our pre-trained policy with task embeddings
sampled from the task prig(e). Then, we encode this set of transitions into a target task embedding
e d(ejc ). By conditioning our meta-trained high-level policy on this encoding, we can rapidly
narrow its skill distribution to skills that solve the given target taskzjs; e ).

Empirically, we nd that this policy is often already able to achieve high success rates on the target
task. Note that only very few interactions with the environment for colledtingre required for
learning a complex, long-horizon and unseen target task with sparse reward. This is substantially
more ef cient than prior approaches such as SPiRL that require orders of magnitude more target task
interactions for achieving comparable performance.
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Figure 3:Environments. We evaluate our proposed framework in two domains that require the learning of
complex, long-horizon behaviors from sparse rewards. These environments are substantially more complex than
those typically used to evaluate meta-RL algorithms Ma}e Navigation The agent needs to navigate for
hundreds of steps to reach unseen target goals and only receives a binary reward upon task su€teben(b)
Manipulation : The 7DoF agent needs to execute an unseen sequence of four subtasks, spanning hundreds of
time steps, and only receives a sparse reward upon completion of each subtask.

To further improve the performance on the target task, we ne-tune the conditioned policy with target
task rewards while guiding its exploration with the pre-trained skill prior

X
maxEe q(jc ) Esizo o 1 (S5z2) Dw (zZisi;e);p(zis) %)
t

More implementation details on our method can be found in Section E.

5 EXPERIMENTS

Our experiments aim to answer the following questions: (1) Can our proposed method learn to
ef ciently solve long-horizon, sparse reward tasks? (2) Is it crucial to utilize of ine datasets to
achieve this? (3) How can we best leverage the training tasks for ef cient learning of target tasks?
(4) How does the training task distribution affect the target task learning?

5.1 EBEXPERIMENTAL SETUP

We evaluate our approach in two challenging continuous control environments: maze navigation
and kitchen manipulation environment, as illustrated in Figure 3. While meta-RL algorithms are
typically evaluated on tasks that span only a few dozen time steps and provide dense rewards (Finn
et al., 2017; Rothfuss et al., 2019; Rakelly et al., 2019; Zintgraf et al., 2020), our tasks require to
learn long-horizon behaviors over hundreds of time steps from sparse reward feedback and thus pose
a new challenge to meta-learning algorithms.

5.1.1 MazE NAVIGATION

Environment. This 2D maze navigation domain based on the maze navigation problem in Fu et al.
(2020) requires long-horizon control with hundreds of steps for a successful episode and only provides
sparse reward feedback upon reaching the goal. The observation space of the agent consists of its 2D
position and velocity and it acts via planar, continuous velocity commands.

Of ine Dataset & Meta-training / Target Tasks. Following Fu et al. (2020) we collect a task-
agnostic of ine dataset by randomly sampling start-goal locations in the maze and using a planner to
generate a trajectory that reaches from start to goal. Note that the trajectories are not annotated with
any reward or task label§.¢. which start-goal location is used for producing each trajectory). To
generate a set of meta-training and target tasks, we x the agent's initial position in the center of the
maze and sampkO0 random goal locations for meta-training and another s&0agfoals for target

10ther regularization distributions are possible during ne-tuning, e.g. the high-level policy conditioned on
task prior samplep(zjs;e p(e)) or the target task embedding conditioned pofigjs; e ) before netuning
Yet, we found the regularization with the pre-trained task-agnostic skill prior to work best in our experiments.
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