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A BSTRACT
Meta-reinforcement learning algorithms offer the promise of enabling rapid reinforcement learning of new skills by leveraging previous experience. However,
while the adaptation phase of such methods is remarkably efficient, the metatraining phase of prior algorithms requires an impractical amount of experience
to be collected in the loop of meta-training. To address this issue, we aim to
enable batch offline meta-reinforcement learning — a class of algorithms that
can meta-learn using only a static batch of multi-task data, without interacting
with the environment, to prepare for fast learning of new, related tasks. To this
end, we develop an optimization-based meta-learning algorithm that uses simple
supervised regression objectives for both inner-loop adaptation and outer-loop
meta-learning, showing respectable performance on some common benchmarks
and state-of-the-art performance when adapting to out-of-distribution test tasks.
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I NTRODUCTION

Reinforcement learning is a powerful framework for autonomously acquiring skills such as game
playing (Mnih et al., 2013) and robotic manipulation (Levine et al., 2016); but existing algorithms
typically require millions of samples to learn a single task, making it impractical to learn a wide range
of tasks. Meta-reinforcement learning is one promising approach to reduce the sample complexity
of training (Duan et al., 2016; Wang et al., 2016; Finn et al., 2017). Meta-RL algorithms aim
to exploit shared structure within a family of tasks to amortize the cost of learning across them,
instead of learning each task separately from scratch. In this work, we aim to develop an offline
meta-reinforcement learning algorithm that is sample efficient during meta-training, that can make
use of previous offline data, and that produces an adaptation procedure that is effective both within
and outside of the meta-training task distribution.
To this end, we propose an algorithm that meta-trains using arbitrary offline (or batch) experience from
previous tasks, enabling efficient transfer to new tasks without any interaction with the meta-training
environments. We consider this setting in which an agent attempts to meta-learn from pre-existing,
offline data, without further interactions, as the offline meta-RL problem. Because this problem
setting places no constraint on the distribution of data collected for training, we expect that this
problem setting will be much more practically useful than the standard online meta-RL setting, as it
permits meta-training from arbitrary data sources. Further, this problem setting is analogous to the
widely-adopted pre-training and fine-tuning paradigm in supervised learning, where pre-training can
be performed using an offline dataset of previously-collected experience.
To address this problem setting, we aim to extend the model-agnostic meta-learning algorithm (Finn
et al., 2017), since it directly corresponds to fine-tuning at meta-test time, which facilitates outof-distribution robustness (Finn & Levine, 2017). However, the existing MAML algorithm uses
online policy gradients, which cannot be applied to the offline setting and is especially data hungry.
Further, combining MAML with value-based RL subroutines is not straightforward: the higher-order
optimization in MAML-like methods demands stable and efficient gradient-descent updates, while
TD backups are both somewhat unstable and require a large number of steps. We address this issue
by utilizing a supervised bootstrap-free subroutine (Peters & Schaal, 2007; Peng et al., 2019) for
both for the inner and outer loop of a gradient-based meta-learning algorithm. Our method adapts
both a stationary value function, via Monte Carlo returns, and a policy, via weighted regression using
the adapted value function. Further, these updates can all be performed in the offline setting, while
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Algorithm 1 MACAW Meta-Training
Algorithm 2 MACAW Meta-Testing
1: Input: Tasks {Ti }, offline trajectory buffers 1: Input: Test task Tj , offline experience
Dj , meta-policy πθ , meta-value function
{Di }
Vφ
2: Hyperparameters: learning rates α1 , α2 , η1 ,
2: Hyperparameters: learning rates α, η,
η2 , training iterations n, temperature T
adaptation iterations n, temperature T
3: Randomly initialize meta-parameters θ, φ
3: Initialize θ0 ← θ, φ0 ← φ.
4: for n steps do
4: for n steps do
5:
for task Ti ∈ {Ti } do
5:
φt+1 ← φt − η1 ∇φt LV (φt , Dj )
6:
Sample disjoint batches Ditr , Dits ∼ Di
6:
θt+1 ← θt − α1 ∇θt Lπ (θt , φt+1 , Dj )
7:
φ0i ← φ − η1 ∇φ LV (φ, Ditr )
0
tr
8:
θi0 ← θ − α
P1 ∇θ Lπ (θ, φi0 , Dits)
9:
φ ← φ − η2 P i [∇φ LV (φi , Di )]

10:
θ ← θ − α2 i ∇θ LAWR (θi0 , φ0i , Dits )
the resulting test time adaptation corresponds to consistent optimization procedure that is robust to
out-of-distribution tasks.

2

P RELIMINARIES AND P ROBLEM S TATEMENT

Meta-Reinforcement Learning. Typical formulations of meta-RL consider tasks drawn from a
distribution over tasks, T ∼ p(T ), where each task is an MDP. All tasks within a family are generally
assumed to possess some shared structure enabling amortization of the cost of learning across different
tasks in the family. During training, an agent is presented with different tasks sampled from p(T ); at
test time, an agent’s objective is to rapidly find a high-performing policy for a (potentially unseen)
task T 0 ∼ p(T ). That is, with only a small amount of experience on T 0 , the agent should find a
policy that achieves high expected reward on that task. During meta-training, the agent meta-learns
a set of parameters and/or update rule that enables such rapid adaptation at test-time, typically by
training on a set of training tasks drawn from p(T ) but not including the tasks seen at test time.
The Offline Meta-RL Problem. In the offline meta-RL problem setting, we aim to leverage offline
multi-task experience to enable fast adaptation to new downstream tasks. We assume that tasks Ti
are drawn from a family of tasks T according to some distribution p(T ). Each task Ti is a Markov
decision process tuple (S, A, pi , ri ). In the offline setting, a task also has an associated fixed dataset
Di , from which experiences on the task are drawn. Sampling data from a fixed dataset, rather
than from the environment, distinguishes offline meta-RL from the standard meta-RL setting. Like
standard meta-RL, offline meta-RL has a meta-training and meta-testing phase; during meta-training,
an agent trains on a dataset {Di } from each of a set of training tasks {Ti }. Unlike in the standard
meta-RL setting, in offline meta-RL, the agent is not able to collect any additional experience from
the environment with its own policy. During meta-testing, a test task Ttest is drawn from p(T ), and
the meta-trained agent is presented with a new batch of experience Btest sampled from the distribution
Dtest . The agent’s objective is to use Btest to find the highest-performing policy for the test task.

3

MACAW: M ETA ACTOR -C RITIC WITH A DVANTAGE W EIGHTING

The offline meta-reinforcement learning setting inherits the distributional difficulties of offline RL: the
agent is not able to control the data distribution, an option that prior meta-RL methods require (Finn
et al., 2017; Rakelly et al., 2019). In addition to satisfying the requirements of this problem, an ideal
method should be consistent even with out-of-distribution tasks, in the sense that given sufficient
adaptation data at meta-test time, the algorithm should find a solution to that task. Thus we propose
Meta Actor-Critic with Advantage Weighting (MACAW), which we describe in this section.
3.1

A DAPTATION P ROCEDURE FOR MACAW

At a high level, the adaptation process will correspond to a value function update followed by a policy
update. Optimization-based meta-learning methods typically rely on truncated optimizations for the
adaptation process (Finn et al., 2017), to satisfy both computational and memory constraints (Wu et al.,
2018; Rajeswaran et al., 2019). We will also use a truncated optimization. However, value-based
RL algorithms such as Q-learning require many updates for values to propagate. Motivated by this
challenge, we choose to use a light-weight value estimation procedure, based on supervised Monte
Carlo returns, placing greater burden on the policy update that leverages the estimated value function.
2
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In particular, we will assume a batch of training data Ditr for adapting to Ti . MACAW updates the
value function by taking one or a few gradient steps on a supervised Monte Carlo objective as follows:


φ0i ← φ − η1 ∇φ LV (φ, Ditr ), where LV (φ, D) , Es∼D (Vφ (s) − RD (s))2 ,
(1)
and where RD (s) is the Monte Carlo return from the state s observed from that roll-out in D.
The AWR algorithm updates its policy by performing supervised regression onto actions weighted
by the estimated advantage. While it is tempting to use this same update rule here, we note that
this update does not provide the meta-learner with significant expressive power. For MAML-based
methods to approximate any learning procedure, the gradient must not discard information needed to
infer the task Finn & Levine (2017). Furthermore, the gradient of the advantage-weighted regression
objective does not contain full information of both the regression weight and the regression target.
That is, you cannot recover both the advantage weight and the action from the gradient. To address
this issue and make our meta-learner sufficiently expressive, our policy update will perform both
advantage-weighted regression onto actions and an auxiliary regression onto advantages.
Concretely, our policy architecture has two heads corresponding to the predicted action given state,
πθ (·|s), and the predicted advantage given both state and action πθ (·|s, a). Policy adaptation proceeds
as follows:
θi0 ← θ − α1 ∇θ Lπ (θ, φ0i , Ditr ), where Lπ = LAWR + λLADV .
(2)
In our policy update, we show only one gradient step for conciseness of notation, but using multiple
gradient steps is straightforward. The AWR loss with temperature T corresponds to:




1
AWR
0
L
(θ, φi , D) , E
− log πθ (a|s) exp
RD (s, a) − Vφ0i (s)
,
(3)
T
s,a∼D
and the advantage regression loss can be written as:

 
LADV (θ, φ0i , D) , E (πθ (·|s, a) − RD (s, a) − Vφ0i (s) )2

(4)

s,a∼D

This adaptation procedure is summarized in Algorithm 2. Next, we describe how we can optimize for
meta-parameters θ and φ, i.e. the initialization of the policy and value respectively, such that this
adaptation is fast and effective.
3.2

O UTER L OOP MACAW O PTIMIZATION

To enable rapid policy adaptation at meta-test time, we meta-train for a set of initial parameters of
both the value function and policy. To do so, we use two disjoint sets of offline data, Ditr and Dits ,
for each task Ti , and use these datasets for the inner and outer loops respectively. By using disjoint
datasets, we encourage few-shot generalization from the training data Ditr rather than memorization.
The value function meta-learning procedure follows MAML, but with the supervised Monte Carlo
objective:




min ETi LV (φ0i , Dits ) = min ETi LV (φ − η1 ∇φ LV (φ, Ditr ), Dits )
(5)
φ

φ

That is, we optimize for a set of initial value function parameters such that one or a few inner gradient
steps leads to an accurate value estimate, where LV is defined in Equation 1.
Since expressivity concerns only pertain to the learned inner loop, the outer loss for the policy consist
of a vanilla AWR objective:




min ETi LAWR (θi0 , φ0i , Dits ) = min ETi LAWR (θ − α1 ∇θ Lπ (θ, φ0i , Ditr ), φ0i , Dits ) ,
(6)
θ

θ

where Lπ is defined in Equation 2 and LAWR is defined in Equation 3. Note that we use the adapted
value function parameters in all cases. The meta-training algorithm is summarized in Algorithm 1.

4

E XPERIMENTS

The goal of our empirical evaluation is to first and foremost answer our key scientific hypothesis:
can we acquire priors from offline multi-task data that facilitate transfer to new tasks? Further,
how does our approach’s performance compare to that of previously-proposed algorithms such as
3
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Figure 1: Offline Meta-RL results: We compare MACAW with PEARL (Rakelly et al., 2019), a
state-of-the-art off-policy meta-RL method, and a multi-task training + fine tuning baseline, which
is allowed to take 20 gradient steps during each evaluation to ‘adapt’ to each test task. In contrast,
the presented performance for MACAW is with a single gradient step of adaptation. We find that
MACAW learns more quickly than PEARL, though not always achieving the same level of asymptotic
performance. (Note that the x-axis is in log scale.)
PEARL (Rakelly et al., 2019) and fine-tuning, and how does our method perform in the setting of
out-of-distribution test tasks?
Tasks and Experimental Set-Up. We base our experiments on several environments used in
previous meta-RL works ( Finn et al. (2017); Rakelly et al. (2019)), in particular, the Half-Cheetah
direction and velocity environments and the Walker2d with random parameters environment. More
detailed description is given in the appendix.
Experimental Results Figure 1 shows the results of our comparison of MACAW, PEARL,
and multi-task pre-training with fine-tuning, illustrating test task performance over the course
of meta-training. We observe that MACAW
is indeed able to learn from fully offline data,
and consistently outperforms multi-task training and fine-tuning. Surprisingly, we find that
PEARL also achieves good performance in this
setting, despite its design as an off-policy metaRL method. Although MACAW does not always achieve the same asymptotic performance
as PEARL, it generally learns with fewer gradient steps and finds a respectable solution. However, we find that MACAW is substantially more
performant when faced with out-of-distribution Figure 2: Performance on Out-of-Distribution
tasks; Figure 2 shows adaptation performance Tasks. Median performance of MACAW, PEARL,
on out-of-distribution tasks as a function of the and the multi-task + fine tuning comparison on
number of test time gradient steps. As expected, out-of-distribution tasks in the Cheetah Velocity
since MACAW recovers a well-formed optimiza- environment. Error bars correspond to the 25th
tion at adaptation time, it significantly outper- and 75th percentile. We find that MACAW is sigforms PEARL. We note that in this experiment, nificantly more robust to task distribution shift.
MACAW and MT + fine tune adapt at test time with 8 samples, while PEARL is given 256 samples
from its context buffer. Even with far fewer context samples to adapt from, MACAW generally finds
significantly better solutions than PEARL.

5

C ONCLUSION

In this work, we formulated the problem of offline meta-reinforcement learning and presented
MACAW, a practical algorithm that achieves good performance on various continuous control tasks
compared to other state-of-the-art meta-RL algorithms. We motivated the design of MACAW by
the desire to build an offline meta-RL algorithm that is both sample-efficient (using value-based RL
subroutines) and consistent (running a full-fledged RL algorithm at test time). We hope that this work
serves as the basis for future research in offline meta-RL, enabling more sample-efficient learning
algorithms to make better use of purely observational data and adapt effectively to new environments.
4
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A
A.1

A PPENDIX
E XPERIMENTAL D ETAILS

For the Half-Cheetah-velocity environment we sample 40 tasks with target speeds in the interval
[0, 3]. For our main comparison shown in Figure 1, we train on a random selection of 35 of those
tasks and use the remaining 5 as our meta-test set. For the out-of-distribution experiment (shown in
Figure 2) we use 13 training tasks with speeds in the interval [0,1], and 27 test with target velocities
within [1,3]. On the Walker2d environment, we randomly sample 35 tasks and use a random 30/5
meta-train/test split. We adapt each of these problems to the offline setting by restricting the data
to a fixed offline buffer of 1 million transitions, gathered from the lifetime of an agent trained with
Soft Actor Critic (Haarnoja et al., 2018a;b) on each of the tasks of interest. The buffer for offline
adaptation at meta-test time is a small random sample of the corresponding test task data.
5
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A.2

E NVIRONMENT D ESCRIPTIONS

The problems of interest include:
1. Half-Cheetah Direction Train a simple cheetah to run in one of two direction: forward and
backward. In other words, the space of task parameters ψ include only two values, the two
possible target directions 1 and -1. The meta-test tasks are the same as the meta-train.
2. Half-Cheetah Velocity Train a cheetah to run at a desired velocity, which fully parameterizes
each task. For our experiments, values of the task parameters are sampled from a uniform
interval of 40 velocities in the range [0, 3]. Held out test target velocities are sampled from
the same set.
3. Walker-2D Params Train a simulated agent to move forward, where different tasks correspond to different randomized environment dynamics parameters rather than reward
functions.
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