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Abstract

Offline meta-reinforcement learning (meta-RL) methods,
which adapt to unseen target tasks with prior experience, are
essential in robot control tasks. Current methods typically
utilize task contexts and skills as prior experience, where
task contexts are related to the information within each task
and skills represent a set of temporally extended actions for
solving subtasks. However, these methods still suffer from
limited performance when adapting to unseen target tasks,
mainly because the learned prior experience lacks general-
ization, i.e., they are unable to extract effective prior experi-
ence from meta-training tasks by exploration and learning of
continuous latent spaces. We propose a framework called de-
coupled meta-reinforcement learning (DCMRL), which (1)
contrastively restricts the learning of task contexts through
pulling in similar task contexts within the same task and push-
ing away different task contexts of different tasks, and (2) uti-
lizes a Gaussian quantization variational autoencoder (GQ-
VAE) for clustering the Gaussian distributions of the task
contexts and skills respectively, and decoupling the explo-
ration and learning processes of their spaces. These cluster
centers which serve as representative and discrete distribu-
tions of task context and skill are stored in task context code-
book and skill codebook, respectively. DCMRL can acquire
generalizable prior experience and achieve effective adapta-
tion to unseen target tasks during the meta-testing phase. Ex-
periments in the navigation and robot manipulation continu-
ous control tasks show that DCMRL is more effective than
previous meta-RL methods with more generalizable prior ex-
perience.

Introduction

Current offline meta-reinforcement learning (meta-RL)
methods have been widely adopted across various domains
and produced notable results, particularly regarding the
robot control task (Nam et al. 2022; Rakelly et al. 2019).
These meta-RL methods acquire prior experience from a se-
ries of tasks during the meta-training phase and then em-
ploy the prior experience to the unseen target tasks which
have implicit relationships with the training tasks during the
meta-testing phase. There are two frequently utilized forms
of prior experience, task contexts and skills (Nam et al.
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2022; Rakelly et al. 2019; Pertsch, Lee, and Lim 2020).
Task contexts are related to the vital statistical information
of tasks, which are obtained from past trajectories generated
by agents. Additionally, when meeting an unseen target task,
task contexts that are extracted from its trajectories will en-
able agents to acquire its information and achieve adapta-
tion to the unseen target task (Nam et al. 2022; Rakelly et al.
2019). On the other hand, skills represent the means of use-
ful behaviors that can solve subtasks. As temporal behaviors,
skills can be learned from various forms of data and can be
transferred to new tasks and even new environment config-
urations. Moreover, a series of skills for solving different
subtasks can be combined to achieve solutions to complex
tasks (Nam et al. 2022; Pertsch, Lee, and Lim 2020).

However, most offline meta-RL methods suffer from
poor generalization issues, hindering them to achieve robust
adaptation to unseen target tasks. This is due to the lim-
ited prior experience, which is caused by the coupled ex-
ploration and learning processes of continuous latent space.
More specifically, exploration and learning processes are in-
terconnected for extracting prior experience from continu-
ous latent space. Insufficient exploration in the initial stage
often leads to limited learning, which in turn results in in-
adequate exploration in subsequent stages. This ultimately
results in both the exploration and learning processes be-
ing limited to a small portion of the entire continuous latent
space of prior experience, leading to sub-optimal decisions
(Campos et al. 2020).

Moreover, the existing methods (Chebotar et al. 2021;
Lynch et al. 2019; Pertsch, Lee, and Lim 2020; Pong et al.
2022; Nam et al. 2022) suffer from another limitation as they
just model task contexts and/or skills as continuous latent
spaces without considering their inherent characteristics. A
task corresponds to a series of similar task contexts, since
agents usually generate diverse trajectories resulting from
variations in their execution processes and levels of success.
For example, in the maze navigation tasks, agents can start
from a fixed point and take different paths to the specified
endpoint. However, failing to consider the relationships be-
tween task contexts of the same and different tasks will re-
sult in unclear and ambiguous learning. In addition, there are
a series of similar skills in the continuous latent space due to
the similarity between subtasks. For example, in the kitchen
manipulation tasks, opening the door of the microwave and
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opening the hinge cabinet are similar. Nevertheless, without
consideration for relationships between skills, it will be hard
to select the most accurate skill.

To this end, we propose a framework called decoupled
meta-reinforcement learning (DCMRL) using both task con-
texts and skills as prior experience so as to acquire task con-
texts and skills with generalization, additionally achieving
effective adaptation to unseen target tasks. Specifically, we
model the distributions of task context and skill as Gaus-
sian distributions, instead of just representing task contexts
and skills as simple vectors, since Gaussian distributions can
capture the uncertainty in their respective spaces and pro-
vide more robust representations. Firstly, DCMRL utilizes
our proposed Gaussian quantization variational autoencoder
(GQ-VAE) to perform online clustering on the Gaussian dis-
tributions of task contexts and skills in their respective con-
tinuous latent spaces, generating a set of discrete cluster cen-
ters. These cluster centers are stored in the form of learn-
able codebooks, as the representative distributions of task
contexts and skills with generalization. Additionally, explo-
ration of the continuous latent spaces and learning of dis-
crete cluster centers inside the codebooks achieve decou-
pling of exploration and learning processes, therefore we ap-
ply this decoupling operation to both task contexts and skills
via GQ-VAEs. Moreover, task contexts are vulnerable to the
distribution mismatch of meta-training tasks and unseen tar-
get tasks during meta-testing. To solve this issue, DCMRL
contrastively restricts task contexts through the dissimilar-
ity of task contexts for different tasks and the similarity of
different task contexts for the same task, leading to task con-
texts with generalization. In essence, DCMRL enhances the
generalizability of the task contexts and skills acquired as
prior experience during the meta-training phase, thereby en-
abling more effective adaptation to unseen target tasks dur-
ing the meta-testing phase.

The main contributions of our method are threefold:

* We propose DCMRL, a novel framework that enhances
the generalizability of task contexts and skills by con-
trastively restricting task contexts and decoupling the ex-
ploration and learning of their respective spaces, leading
to more effective adaptation to unseen target tasks.

We propose a novel GQ-VAE that clusters on Gaussian
distributions of task context and skill distributions in their
corresponding continuous latent spaces and decouples
the exploration and learning of their respective spaces,
enhancing their generalizability.

We evaluate DCMRL in two challenging continu-
ous robot control environments, i.e., maze navigation
and kitchen manipulation, which are long-horizon and
sparse-reward. The results show that DCMRL outper-
forms previous meta-RL methods, achieving more effec-
tive adaptation to unseen target tasks.

Related Work

Offline Meta-reinforcement Learning. The primary goal
of offline meta-reinforcement learning (meta-RL) is the ac-
quisition of learning strategies from offline datasets, allow-
ing more effective learning in new tasks through appropri-
ate prior experience. Due to a distributional shift between
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offline and online data during testing, it is critical to ob-
tain robust task representations that generalize well while
learning. Most previous methods (Dorfman, Shenfeld, and
Tamar 2021; Mitchell et al. 2021; Pong et al. 2022; Siegel
et al. 2020) meta-learn from offline datasets, including re-
ward and task annotations, and adapt to a new task with only
a small amount of new data. However, some meta-training
tasks are hard to annotate due to the lack of correspond-
ing prior task experience. Moreover, Pong et al. (2022) uti-
lize semi-supervised learning with both offline and online
data for distributional shift, but heavily relying on annota-
tion functions from offline data. In contrast, our proposed
DCMRL leverages a large offline dataset across many tasks
without rewards or task annotations for extracting skills.

Context-based Meta-RL. Context-based methods train a
module to take prior experience as a form of task-specific
context. Some methods (Duan et al. 2016; Finn, Abbeel, and
Levine 2017; Humplik et al. 2019; Liu et al. 2021; Rothfuss
et al. 2019; Wang et al. 2017; Yu et al. 2018; Yang et al.
2019; Zintgraf et al. 2019) have been proposed for meta-
learning dynamic models and policies that can quickly adapt
to unseen target tasks. In contrast, other recursive methods
(Fakoor et al. 2020; Lee et al. 2020; Mishra et al. 2018,;
Rakelly et al. 2019; Seo et al. 2020) make fast adaptation by
aggregating experience into a latent representation on which
the policy is conditioned. Additionally, some methods train
recurrent Q-function with off-policy Q-learning approaches
which are often used on simple tasks (Heess et al. 2015)
or in discrete environments (Hausknecht and Stone 2015).
As a context-based method, DCMRL decouples the explo-
ration and learning processes of task contexts during meta-
training for improving the generalization of task contexts,
and achieves effective adaptation to unseen target tasks dur-
ing meta-testing.

Skill-based Meta-RL. Another method for exploiting of-
fline data without requiring reward or task annotations is
extracting skills as the identification of reusable, short-
horizon behaviors. Skill-based learning methods learn un-
seen long-horizon target tasks by transferring these learned
skills and converge significantly faster than learning from
scratch (Hausman et al. 2018; Lee et al. 2019). Previous
works (Ajay et al. 2021; Chebotar et al. 2021; Lynch et al.
2019; Merel et al. 2020; Pertsch, Lee, and Lim 2020; Pertsch
et al. 2021) have shown that skill-based learning methods
can learn a broad range of skills with diverse datasets and
accomplish long-horizon tasks. However, these methods still
require a substantial number of interactions with environ-
ment to learn enough skills or new skills. SiMPL (Nam et al.
2022) learns skills by combining meta-learning process and
offline dataset but still suffers from limited generalization.
As a skill-based method, DCMRL further applies the decou-
pling operation to the exploration and learning processes of
skills, generating more generalized and representative skills.

Method
Decoupled meta-reinforcement learning (DCMRL) consists
of three phases: skill pre-training, meta-training and meta-
testing. We mainly focus on the meta-training phase and
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Figure 1: Method overview. DCMRL as a hierarchical framework, has three phases. (a) Skill pre-training learns a prior skill
p(Z|s) (purple) as a constraint and a low-level skill-based policy 7 (a¢|s:, z) (blue) trained with ¢(Z|s, a) (green) through the
offline dataset D. (b) Meta-training meta-trains a high-level skill policy 7(Z|s, ¢) (red) for skill distribution Z and a task context

policy w(C| X ) (orange) for task context distributions C' through meta-training tasks 7' = {77, ...

s Tryu.r }» While the pre-trained

low-level skill-based policy 7 (a¢|s:, z) remains fixed. (c) Meta-testing utilizes the meta-trained modules for effective adaptation
to an unseen target task 7* € T with task contexts generated from a few transitions of it. Additionally, 7(C| X ) and 7(a.|s:, 2)

are fixed and 7(Z|s, ¢) remains under fine-tuning.

aim to acquire more generalizable task contexts and skills
through: (1) contrastively restricting task contexts by the re-
lationships between tasks for enhancing their generalization
and (2) applying our proposed GQ-VAE:s to cluster the dis-
tributions of task contexts and skills respectively, and decou-
ple the exploration and learning processes of their respective
spaces. An illustration of DCMRL is given in Figure 1.

Problem Formulation

An offline meta-RL task is typically formalized as a fully ob-
servable Markov decision process (MDP), defined as a tuple
< S, A,p,r,v,po >. Here, S is the state space, A is the
action space, p(s’|s, a) is the transition dynamics, r(s,a) is
the reward function, pg is the initial state distribution, and
v € [0,1) is the factor discounting the future reward. The
policy is a distribution 7(a|s) over actions. In a complete
MDP, the agent is initialized in a given state and selects an
action at each time step by sampling from a fixed policy 7.
Meanwhile, the environment responds by updating the state
using transition probabilities p and providing a reward r and
aboolean flag of done d. Additionally, the marginal state dis-
tribution at time step ¢ is defined as p (s) and the objective
of the agent is to maximize the expected cumulative rewards
mazr Ipm(m) = Egmpt a,mn[2oyeg V7 (50, ay)]. More de-
tails of problem formulation and preliminaries can be found
in Appendix of our full version (He et al. 2023).

As an offline meta-RL method, DCMRL assumes ac-
cess to a task-agnostic dataset of state-action trajectories
D = (sg,ao,. .., St,at), collected from various tasks or un-
labeled data. With a wide variety of behaviors, D is able
to accelerate learning of different tasks (Nam et al. 2022).
We also assume access to a set of 1,45, meta-training tasks
T=A{T,...,Tn,,..}> simultancously with a set of unseen
target tasks 7, and represent each task as an MDP respec-
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tively. Notably, we do not assume that there are direct re-
lationships between either 7% and D or T and T'. Specifi-
cally, the offline dataset D does not contain any demonstra-
tions for solving tasks in 7™, and there are no intersections
between T and T'.

DCMRL aims to extract skills from the offline dataset D,
perform the meta-training phase on the set of meta-training
tasks 7" and handle the set of unseen target tasks 7 in the
meta-testing phase. Moreover, we represent the distributions
of task context and skill as Gaussian distributions, denoted
by C and Z, while c and z are the task context embeddings
and skill embeddings sampled from them.

Skill Pre-training

During the skill pre-training phase, DCMRL comprises a
skill prior p(Z]sp), a skill encoder ¢(Z|s,a) and a skill-
based policy m(a¢|st, ). Specifically, our primary focus lies
on the skill prior p(Z|sg) and skill-based policy 7(ay|s¢, 2).
Both the skill prior p(Z|so) and skill encoder ¢(Z|s, a) are
implemented as deep neural networks that output skill dis-
tributions Z in the form of Gaussian distributions. For a K-
step trajectory randomly drawn from the sequences in offline
dataset D, the skill prior p(Z|sg) predicts a skill distribu-
tion Z based on the initial state sy of the trajectory, while
the skill encoder ¢(Z|s, a) aligns the sequence of full state-
action pairs to a skill distribution Z. Moreover, the skill prior
p(Z|sp) is trained by matching to the skill distribution en-
coded by the skill encoder ¢(Z|s, a) as follows:

min Dic(sgla(Z]s, a)], p(Z]so)), M
where sg[-] denotes the stop-gradient operation and D, de-
notes the Kullback-Leibler divergence. Furthermore, skill-
based policy m(a¢|s,2) is fine-tuned through behavioral
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Figure 2: Contrastive task context learning. DCMRL sam-
ples a long trajectory data as the mini dataset and generates
anchor trajectories and positive trajectories from it, while
negative trajectories are from other tasks.

cloning to replicate the action sequence ag.x —1 correspond-
ing to the given skill embedding z which is sample from the
skill distribution Z output by skill encoder ¢(Z|s, a). More-
over, we leverage a unit Gaussian prior distribution of skill
inspired by Higgins et al. (2017) for regularization:

K—-1

maxE.q| I I log 7(at|s¢, 2)
4,7
t=0

— O[DKL((I(Z|57 a),N(O,I))],

@

where « is a weight coefficient of the constraint. In sum-
mary, we make a skill pre-training phase for skill prior
p(Z|s0), which is utilized for imposing constraints on high-
level skill policy 7(Z|s, ¢), and skill-based policy 7 (als, 2),
which serves as the low-level policy and remains fixed dur-
ing meta-training and meta-testing.

Meta-training
Contrastive Task Context Learning

Task context as a kind of prior experience, aims to spec-
ify which task from the distribution the agent should fo-
cus on, and provides information that helps the agent adapt
to its strategy when a new task is encountered. We con-
trastively enhance task context representations by distin-
guishing unique task features, thereby promoting effective
and human-like adaptability in diverse tasks.

We employ a specific sampling strategy on trajectories
from meta-training tasks. Traditional methods such as Yuan
and Lu (2022) sample positive samples from the same task,
but this can result in chaos and significant disparity from
the anchor trajectory due to variations in tuples and their or-
ders. Hence, DCMRL samples anchor and positive samples
in two stages: first, a longer trajectory is sampled as a mini
dataset from current task; then, two different trajectories of
the same and fixed length are sampled from this long tra-
jectory, maintaining tuples’ relative orders, to serve as the
anchor and positive samples respectively. Negative samples
are randomly sourced from other tasks, as traditional meth-
ods (see Figure 2).

We utilize the classic contrastive learning loss function,
triplet loss (Schroff, Kalenichenko, and Philbin 2015), for
anchor, positive, and negative samples. These trajectories are
processed with a high-level task context policy 7(C|X) to

generate distributions of task contexts, C', C*, and C~. The
triplet loss aims to minimize the similarity between C' and
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C~ and maximize the similarity between C and C* as fol-
lows:

Etm'pzet(é’, CcT, C~'7) = Zmaw(o, sim(é, C‘f)
Cec

3)
—sim(C,C") +¢),

where sim(-) is the similarity function, and we utilize the
cosine similarity here. C is the continuous latent space of
task contexts and the margin parameter e is configured as the
minimum offset between distances of similar and dissimilar
pairs.

GQ-VAE
We propose Gaussian quantization variational autoencoder
(GQ-VAE), which consists of three main parts: an encoder,
a learnable codebook and a decoder, where the encoder and
decoder are deep neural networks. The codebook CB =
{0, ..., 0K} contains K cluster centers as discrete codes,
where K is a hyperparameter.

Specifically, the encoder maps the input trajectory X to
a Gaussian distribution O. Codes within CB are modeled
as Gaussian distributions, as the targets for clustering origi-
nate from the Gaussian distributions encoded by the encoder.
Once a Gaussian distribution O is outputted by the encoder,
it will be matched to its closest code O within C13 through a
match operation m(-). Moreover, Euclidean distance is uti-
lized to measure the distance between current O and each
O?, where 1 < i < K in the codebook CB. The complete
process of m(-) is as follows:

0 =m(0) = [0 — O"l2. )

argmin
OkeCB,1<k<K

Finally, the decoder will take the code OF that matches O as
input to output a reconstructed trajectory X.

In essence, exploration of the latent space and learning
of codebook CB in DCMRL interacts to yield complemen-
tary and reinforcing effects. Directly, exploring the continu-
ous latent space forms its composition in Gaussian distribu-
tions, while learning in codebook CB achieves discretization
of the continuous latent space by deriving K codes as cluster
centers. Moreover, the match operation m(-) integrates the
two stages by matching the initialized codes in the codebook
CB with different O. The codes learn from different O they
match and optimize their positions in the continuous latent
space. Overall, this online clustering procedure resembles a
classical K-means algorithm. The loss function used to up-
date GQ-VAE is as follows:

Laq = |lsglm(0)] = Of]2 + pl[m(0) — sg[O]f|2 + | X — X!;)
where 1 is a weight coefficient.

The loss function comprises three terms. The first two
terms differ solely in the objects of the sg[-] operation, up-
dating the encoder and matched code in CB, respectively,
and p balances them. The third term is derived by inputting
the matched code after the sg[-] operation to the decoder,
which optimizes the decoder through quantifying the dis-
parity between reconstructed and input trajectories.
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Figure 3: Task context and skill learning architecture. The task context distribution C' and skill distribution Z generated by
task policy 7 (C|X) and skill policy w(Z|s, ¢) respectively, are both implemented in the form of Gaussian distributions. The
task context embeddings c and skill embeddings z are sampled from these distributions. In addition, the learning processes of
m(C|X) and 7(Z|s, ¢) are accompanied by corresponding learnable codebooks that correspond to their respective spaces.

In summary, GQ-VAE decouples the exploration over the
continuous latent space and the learning of the codebook
CB. Its bidirectional updating mechanism achieves better
learning of each code within CB through exploration, fa-
cilitating discretization. Meanwhile, exploration guided by
learned codes attains deeper characterization. DCMRL si-
multaneously utilizes task contexts and skills as prior ex-
perience, and applies GQ-VAEs on both task contexts and
skills as shown in Figure 3. Next, we introduce the explo-
ration of the two continuous latent spaces of task contexts
and skills, as well as the learning of corresponding task con-
text codebook and skill codebook.

Task Context Learning. GQ-VAE for the task context
learning stage includes three modules: a high-level task con-
text policy w(C|X) as task context encoder, a learnable
codebook of task context with K quantized task context
codes CBc = {C?,...,C*¢c} and a corresponding decoder.
Given a batch of sampled trajectory data X

{X1,..., Xn}, where N is the task batch size that means the
sampled number of tasks and X; = { (5;, aj,ry,d;, s?) ;’;0

is input task trajectory data whose length is n., the task con-
text encoder 7(C|X) outputs a task context distribution C.
The complete process of matching is as follows:

IC — C¥ |2

C=m(C):= (6)

argmin
CkeCBe,1<k<Kc
We utilize an objective Loontest = LBC +ALGQeomion: TOT
updating, where £ p¢ is the behavior-cloning loss generated
by the skill-based policy 7(a;|st, 2), A is a weight coefficient
of loss and the formulation of Lgg,.,,.,... iS as follows:

L6Qeane = I59Im(C)] = Cll2 +nlm(C) — sg[C]|2

+ X = X|2,
@)
where 7 is a weight coefficient.

Skill Learning. GQ-VAE for the skill context learning
stage includes a high-level skill policy 7(Z|s, ¢) as skill en-
coder, a learnable codebook of skills with Kz quantized
skill codes CBz = {Z*, ..., Z%=} and a decoder.

Given an additional batch of sampled trajectories X’ =
{X{,..., X}, } from the same tasks, it is different from that
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used in the task context stage and the length of sampled
trajectories n, is often different from n.. The skill policy
m(Z|s, c) inputs a sampled trajectory X/ and task context

¢ sampled from C to output a skill distribution Z. Further-
more, the complete process of matching is as follows:

Z=m(Z): 1Z — Z"|)..

®)

argmin
ZkeCBz,1<k<Kz

The objective is Lsrin = Lc + YLGQski» Where 7y is a
weight coefficient and Ly, ,,, is the skill quantization loss:

EGQSkill = ||Sg[m(2)] - 2”2 + L”m(Z) - 89[2]”2
+[1X = X'||2,

where ¢ is also a weight coefficient.

Besides applying GQ-VAE, the skill policy updating also
leverages the skill prior p(Z|sg) from the skill pre-training
phase, as Nam et al. (2022), with the objective as follows:

€))

maxEer(.|x) D Eseympno [r7 (56, 2)
t (10

— BDxL(w(Z]s, ¢), p(Z]s0))]l;
where (3 is a weight coefficient of the constraint.
In the subsequent process, skill-based policy 7(a¢|s:, z)
uses specific skill z, which is sampled from Z and current
state, to general corresponding action.

Meta-testing

DCMRL has trained the high-level task context policy
m(C|X) and skill policy 7(Z|s,c) on the set of meta-
training tasks during meta-training phase. When facing un-
seen target tasks in the meta-testing phase, we first collect
a few trajectories X * and extract the task context distribu-
tion C* from them through the task context policy 7(C|X).
Then, we utilize the skill policy 7(Z|s, ¢) under ¢* sampled
from C* to generate Z* and sample z* from it. In order to
refine DCMRL on the unseen target tasks, we continue to
optimize the skill policy through Eq. (9) and Eq. (10).

Experiments
Our experiments are mainly based on long-horizon and
sparse-reward tasks and evaluate DCMRL on two key is-
sues: (1) whether better prior experience can be learned and
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Figure 4: Comparisons of sample efficiency. We evaluate
DCMRL, SiMPL, SPiRL and MTRL in maze navigation
and kitchen manipulation. In both environments, we indi-
vidually train each model for every target task using five
distinct random seeds. Prior to fine-tuning on the target
tasks, our method, SIMPL, PEARL and PEARL-ft employ
20 episodes of environment interactions for conditioning the
meta-trained policies.

(2) whether the effective adaptation of unseen target tasks
can be achieved. Our code is available at https://github.com/
hehongc/DCMRL/.

Experimental Setup

We compare DCMRL with SiMPL (Nam et al. 2022), SAC
(Haarnoja et al. 2018), SPiRL (Pertsch, Lee, and Lim 2020),
PEARL (Rakelly et al. 2019), PEARL-ft (Nam et al. 2022)
and MTRL (Teh et al. 2017). We evaluate in two com-
plex continuous control environments: maze navigation and
kitchen manipulation. Maze navigation is a 2D environ-
ment, in which the agent typically requires hundreds of time
steps to complete a task, and only sparse rewards are pro-
vided upon success. Kitchen manipulation involves a 7-DoF
robotic arm for executing a task consisting of four subtasks,
in which the agent generally takes 300-500 time steps to
complete a task, and only sparse rewards are provided after
complete subtasks in order. More details about the experi-
mental environments and baselines are in He et al. (2023).

Comparison with State-of-the-art Methods

We report both quantitative performance and qualitative
adaptation experimental results, presented in Figures 4 and
5 respectively. Specifically, Figure 4 shows key insights on
adaptation to unseen target tasks and is used to evaluate the
performance of DCMRL in a quantitative manner. Mean-
while, Figure 5 offers additional inspection and verification
of DCMRL for an intricate maze navigation domain in terms
of qualitative analysis. DCMRL exhibits superior perfor-
mance and sample efficiency compared with all baselines
in Figure 4 for adapting to unseen target tasks. Additionally,
ablation experiments can be found in He et al. (2023).

We delve into the impact of leveraging prior experience
in reinforcement learning methods to adapt to unseen tar-
get tasks. Without leveraging prior experience, SAC exhibits
constrained adaptation. While PEARL and PEARL-ft learn
task contexts as prior experience from meta-training tasks,
they struggle to effectively adapt to unseen target tasks even
with fine-tuning. In addition, SPiRL leverages a series of
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Figure 5: Visualization of the adaptation process. DCMRL,
SiMPL, SPiRL and MTRL can make effective adaptation
of the maze navigation environment with prior experience.

We present their adaptation situations in episodes 20, 40 and
100.

continuous skills extracted from offline datasets as prior
experience, which provide limited assistance for adapta-
tion. Moreover, MTRL trains a multi-task agent from meta-
training tasks, exhibiting adaptation performance compara-
ble to SPiRL. Furthermore, SIMPL utilizes both skills and
task contexts, which are extracted respectively from offline
datasets and meta-training tasks, as prior experience. How-
ever, its adaptation remains limited due to the constrained
generalizability of prior experience.

Generally, DCMRL exhibits significantly quicker and bet-
ter unseen target task adaptation than other methods. In just a
few episodes, it achieves policy convergence to solve nearly
90% of the unseen target tasks in the maze environment and
nearly three out of four subtasks in the kitchen manipula-
tion environment. Subsequently, the further learning of skills
for adaptation is able to achieve better performance. Finally,
DCMRL can solve nearly 100% of the unseen target tasks in
the maze environment and over three out of four subtasks in
the kitchen manipulation environment.

The visual representations depicted in Figure 5 demon-
strate that the application of offline datasets by DCMRL,
SiMPL, SPiRL, and MTRL lead to effective adaptation of
the maze environment in the early episodes. DCMRL out-
performs SiMPL, SPiRL and MTRL in terms of conver-
gence speed, achieving higher sample efficiency.

Meta-training & Target Task Distribution Analysis

In this section, we explore how the meta-training task dis-
tribution impacts the adaptation of unseen target tasks. Our
evaluation focuses on two specific factors: (1) the quantity
of tasks in the meta-training task distribution, and (2) the
alignment of the meta-training task distribution with the tar-
get task distribution. Our experiments are conducted within
the context of the maze navigation task.
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Figure 6: Meta-training and target task distribution analysis. (a) DCMRL and SiMPL are trained on both the original meta-
training task number setup (40) and lower setup (i.e., 10, 20), denoted as 10t, 20t and 40t, while SPiRL and MTRL are only
trained on the original setup. All models are evaluated with the same set of unseen target tasks. (b) DCMRL, SiMPL, SPiRL and
MTRL are trained on a meta-training task distribution (77,qin—top) that exhibits higher alignment with the target task distribu-
tion (T7arget—top)- (¢) DCMRL, SiMPL, SPiRL and MTRL are trained on a meta-training task distribution (77,qin—top) Which
is misaligned with the target task distribution (77arget—bottom)- To comprehensively evaluate the efficacy of our approach, we
train each model on each target task using five distinct random seeds.

The Quantity of Meta-training Tasks. We aim to gauge
the extent to which varying the number of meta-training
tasks influences adaptation. Following Nam et al. (2022), we
train DCMRL with a lower quantity of meta-training tasks
(i-e., 10 and 20) in addition to the original number setup (40),
and evaluate these models with the same set of unseen target
tasks. The quantitative results presented in Figure 6(a) in-
dicate that even with fewer numbers of meta-training tasks,
DCMRL exhibits similar performance and exceeds the per-
formance of best baseline in all settings (i.e., SIMPL).

Alignment of Meta-training and Target Tasks. The fo-
cus of this investigation is to determine the extent to which
a model’s performance would improve or deteriorate when
trained on a meta-training task distribution that aligns differ-
ently with the target tasks. To achieve this objective, we im-
plement task distributions that possess varied degrees of bias
towards either meta-training or target tasks. Specifically, the
meta-training set is generated by exclusively drawing goal
locations from the top 25% of the maze (7T7rqin—top), Which
means that there are 10 meta-training tasks (i.e., 40 x 25%).
Subsequently, to obtain the relevant results, we formulate
two target task distributions, one characterized by excel-
lent alignment and the other by weak alignment with the
meta-training distribution, since they are sampled respec-
tively from the top 25% portion of the maze (Trqrget—top)
and the bottom 25% portion of the maze (Trqrget—bottom)-
Moreover, to alleviate spurious biases resulting from uneven
density in the task distribution, we employ density-balanced
sampling tactics throughout the experimental procedure.
Figure 6(b) and Figure 6(c) respectively depict the tar-
get task adaptation process with models trained under
good task alignment conditions (meta-train on 77yqin—top
and meta-test on Trgprget—top) and bad task alignment
conditions (meta-train on Trrqin—top and meta-test on
Trarget—bottom)- The results reveal that DCMRL indeed can
achieve superior performance with good task alignment con-
ditions (see Figure 6(b)). In addition, unlike SiMPL our
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model trained under a misaligned meta-training task distri-
bution, though exhibiting initially lower performance, even-
tually achieves similarly superior performance (see Fig-
ure 6(c)). To summarize, DCMRL exhibits strong gener-
alization, achieving high performance with minimal meta-
training tasks and demonstrating robustness to variations in
the quality of task alignment.

Conclusion

We propose DCMRL, an offline meta-RL framework, which
can acquire more generalizable prior experience to achieve
effective adaptation to unseen target tasks. Specially, we uti-
lize both task contexts and skills as prior experience and use
Gaussian distributions for their representations. We extract
the skills from offline datasets, and perform exploration and
learning of the continuous latent spaces of task contexts and
skills with meta-training tasks. In addition, we propose GQ-
VAE, which clusters the Gaussian distributions of task con-
texts and skills in their respective continuous latent spaces
and decouples the exploration and learning processes of task
contexts and skills, enhancing their generalization. These
cluster centers which serve as representative and discrete
distributions of task context and skill are respectively stored
in task context codebook and skill codebook. Moreover, we
sample positive samples, negative samples and anchor sam-
ples through a specific sampling strategy, and contrastively
restrict the task contexts, leading to more appropriate repre-
sentations of task contexts. Experiments on challenging con-
tinuous control navigation and manipulation tasks that are
long-horizon and sparse-reward demonstrate that DCMRL
outperforms the prior methods in meta-RL.
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