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Abstract— Meta-Reinforcement Learning (Meta-RL) is a ma-
chine learning paradigm aimed at learning reinforcement learn-
ing policies that can quickly adapt to unseen tasks with few-shot
data. Nevertheless, applying Meta-RL to real-world applications
faces challenges due to the cost of data acquisition. To address
this problem, offline Meta-RL has emerged as a promising
solution, focusing on learning policies from pre-collected data
that can effectively and rapidly adapt to unseen tasks. In this
paper, we propose a new offline Meta-RL method called Meta-
Actor-Critic with Evolving Gradient Agreement (MACEGA).
MACEGA utilizes an evolutionary approach to estimate meta-
gradients conductive to generalization across unseen tasks.
During meta-training, gradient evolution is utilized to meta-
update the value network and policies. Moreover, we use
gradient agreement as an optimization objective for meta-
learning, thereby enhancing the generalization ability of the
meta-policy. We experimentally demonstrate the robustness
of MACEGA in handling offline data quality. Furthermore,
extensive experiments on various benchmarks provide empirical
evidence that MACEGA outperforms previous state-of-the-art
methods in generalizing to unseen tasks, thus demonstrating its
potential for real-world applications.

Offline meta-reinforcement learning, meta-reinforcement
learning, evolving gradient, gradient agreement, generaliza-
tion

I. INTRODUCTION

Meta-Reinforcement Learning (Meta-RL) is a machine
learning approach that aims to learn a policy capable of
adapting to new tasks within a task distribution, using few-
shot data [1], [2]. However, the application of Meta-RL to
real-world scenarios is challenging due to the complexity of
the environment and the high costs associated with data gen-
eration. To address this problem, recent research has focused
on offline Meta-RL [3]-[7] as a promising solution. Unlike
traditional Meta-RL, offline Meta-RL learns policies from
pre-collected data, enabling effective and fast adaptation to
unseen new tasks.

Mitchell et al. [3] extended online Meta-RL to the of-
fline setting, addressing the generalization problem from an
optimization-based perspective. They proposed the Meta-
Actor-Critic with Advantage Weighting (MACAW) al-
gorithm, which utilizes Advantage Weighted Regression
(AWR) [8] as the underlying reinforcement learning algo-
rithm. MACAW leverages Model-Agnostic Meta-Learning
(MAML) [9] method to optimize the agent’s adaptability.
However, MAML has some drawbacks in terms of compu-
tational efficiency [10]-[12], as it requires the computation
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of second-order gradients during the gradient update steps
for meta-optimization, resulting in significant computational
and memory burdens [11]. Furthermore, MACAW simply
averages the gradients across all tasks for meta-learning,
without considering the varying contributions of different
task’s gradients to the meta-gradient. This raises an important
question: Can an offline meta-reinforcement learning method
be designed to consider multi-task gradient variability and
eliminate the need to compute second-order gradients, thus
enhancing an agent’s ability to generalize across multiple
new tasks?

Evolutionary learning methods, such as Evolution Strate-
gies [13], provide an alternative to traditional gradient-based
methods that do not require the computation of higher-order
derivatives. These methods have shown promising results in
meta-learning, as demonstrated by recent advancements in
meta reinforcement learning, including E-MAML [14], ES-
MAML [15], and Evo-MAML [16]. These studies highlight
the effectiveness of evolutionary-based meta-learning frame-
works in adapting to new tasks. However, there is a lack
of extensive research on the generalization capabilities of
meta-agents in offline environments, as most existing works
primarily focus on online meta reinforcement learning prob-
lems. Therefore, further investigation is needed to explore
the generalization ability of meta-agents in offline settings.

Inspired by this, we propose a new offline meta-RL
framework called Meta-Actor Critic with Evolving Gra-
dient Agreement (MACEGA). MACEGA constructs meta-
reinforcement learning agents offline, ensuring both gener-
alization and robustness. An evolutionary approach is used
to estimate the meta-gradients of the value network and
the policy network. The multi-task gradient weights are
automatically adjusted based on the difference in the degree
of influence of each task gradient on the meta-gradient. The
contributions of this work are as follows:

e We proposed a Meta-Actor-Critic with Evolving Gra-
dient Agreement (MACEGA) method. First, meta-
updating across tasks is achieved by using evolving
gradients to estimate meta-gradients. Then, the degree
of influence of multi-task gradients on the meta-gradient
is evaluated, and automatic adjustment of the meta-
gradient is achieved through gradient agreement, which
improves the generalization ability of the agent in
unseen new tasks;

e Our presented MACEGA has good robustness. The
MACEGA method exhibits good robustness when
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trained on offline datasets of different quality in Mu-
JoCo’s three types of environments;

« MACEGA exhibits good generalization performance. A
series of experimental results demonstrate that it can ef-
fectively utilize online experience to adapt to new tasks
quickly. Additionally, the policy’s generalization ability
outperforms other offline meta-reinforcement learning
methods.

II. PRELIMINARIES
A. Offline Meta-Reinforcement Learning

Reinforcement learning problems are commonly modeled
using Markov Decision Processes (MDPs) to maximize the
cumulative reward for an agent. A MDP is represented by a
quadruple M = (S, A, P, r), which includes the state space
S, action space A, state transition probability distribution
P, and reward function r. The agent interacts with the
environment using two probability distributions: the state
transition probability distribution P : S x A x § — [0,1]
and the reward probability distribution r; = r(s¢, as, St41).
The agent’s objective is to maximize the expected return
R = Y ,7're, where v € [0,1] is the discount factor. In
offline meta-reinforcement learning settings, a task 7 € {7;}
is defined as (M, p;), consisting of a MDP M; and a
policy p;. The agent is provided with a pre-collected dataset
D; for each task 7, which includes trajectories sampled
using ;. The agent is trained using a subset of training
tasks 7;. and is expected to find the optimal policy in a
set of test tasks 75 that is disjoint from 73,.. Mitchell et al.
[3] proposed two different meta-testing approaches, offline
testing and online fine-tuning testing. Firstly, in the offline
setting, the agent uses a small batch of experiences sampled
from the policy p;s to find the best-performing policy for
solving M. Secondly, in the online fine-tuning setting, the
agent can perform online data collection and learning after
obtaining the offline data D;,. Both of these meta-testing
approaches were adopted in our experiments.

B. Model-Agnostic Meta-Learning

The MAML algorithm [9] and its variants [12], [15]-
[18] are commonly used algorithms for addressing meta
reinforcement learning (Meta RL) [12], [18], [19] and few-
shot learning problems [10], [11], [20]. These algorithms
employ a bi-level optimization approach aimed at achieving
fast adaptation to unseen new tasks with a small number of
update steps. Specifically, MAML performs meta-learning by
first obtaining a set of initial policy parameters ¢ and then
fine-tuning them through online adaptation for new tasks.
In the inner loop, the meta-policy adapts to the new task
through the update rule

0 =0—aVeLlr (0), (1)

where L7;(0) represents the loss function for task 7; and «
is the inner loop learning rate. In the outer loop, the meta-
update is performed as

0« 60— ,BVQ,CTL, (9/), (2)

where [ is the outer loop learning rate.

III. METHOD

To overcome the challenges associated with higher-order
derivative estimation and inconsistent gradient direction in
MACAW, we introduce a novel approach called Meta-Actor-
Critic with Evolving Gradient Agreement (MACEGA).
MACEGA is an offline meta-reinforcement learning algo-
rithm that employs evolving gradient meta-learning and
gradient agreement optimization to meta-learn the value
function and initial policy parameters. In Section III-A, we
provide an overview of the overall framework of MACEGA.
We then proceed to explain the meta-training process in
detail in Sections III-B and III-C.

A. MACEGA Architecture

The MACEGA method’s meta-training process consists
of an inner and outer loop structure, as illustrated in Fig.
1. In the inner loop, the value network and policy network
are updated using gradient descent. The parameters of both
networks are adjusted based on the calculated gradients
[21]. Moving on to the outer loop, the gradient agreement
method is employed to determine the discrepancy between
the direction of multi-task gradients and the direction of the
meta-gradient. The discrepancy is used as a weight to update
the policy parameters, thereby computing the meta-gradients.
The meta-tests for offline meta-reinforcement learning are
categorized into two types. In offline testing, the meta-policy
interacts with the offline test set to evaluate its performance.
On the other hand, online fine-tuning tests require agents to
interact with the real environment, enabling assessment of
the online generalization ability of the offline policies. The
MACEGA algorithm is summarized in Alg. 1.

B. Inner-Loop Process

The inner loop process of MACEGA consists of gradient
updating and evolving gradient computation for the value
network parameter ¢ and the policy parameter 6, and can
be found in lines 3-10 of Algorithm 1. When given a batch
of offline training data D", MACEGA updates the value
function through a single gradient step:

SOI:QD_OZIVLPEV(J(L;HD% (3)

where the loss of the value function is defined in the AWR al-
gorithm [8] as Lv (f,, D) := E; on[(Vio(s) —Rp(s,a))?],
Rp(s,a) represents the Monte Carlo return associated with
the action a taken by the agent in state s in the dataset D.

After adapting the value network, we compute the evolving
gradient g{, of the value parameter ¢’ by the evolutionary
method [21]. Specifically, we apply perturbations ep ~
N(0,1) to the adapted value parameter o’ to obtain P
perturbed value parameters o p = ¢’ +¢€p. Then, we compute
the training losses of these perturbed variants and update the
value parameter * by affine combination to complete the
evolutionary learning:

P =wip1 + waps + -+ wpep, )
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Fig. 1.

The overview of MACEGA. In the meta-training phase, the policy parameter 6 is updated using an evolutionary method, which follows a 1-step

SGD update in the inner loop. The evolving policy parameter §* is calculated in the outer loop using the offline test data D's to compute the evolving
gradient. The evolving gradient is utilized to perform the meta-updating across tasks. During the meta-testing phase, we adopt the MACAW [3] approach,
which consists of meta-testing under offline conditions and online fine-tuning. The goal is to evaluate the generalization performance of the agent.

Algorithm 1: MACEGA Algorithm
Input: Tasks {7;}, offline data{D,}
Hyperparameters: learning rates o, as, 81, B2,
training iterations n, noise o,
temperature 7, number of
perturbed models P
1 Randomly initialize value and policy parameters ¢, 0
2 for n steps do

3 for task T € T; do

4 Sample disjoint batches D!", D! ~ D;

5 ¢; = —arVeLly(fe, D"

6 Evolving update value parameter o} with Eq.
“)

7 0; =0 — aVeLp(fo, for, Di")

8 Evolving update policy parameter §; with Eq.
(6)

9 end

10 P ‘P_ﬁIZi[Vw‘CTV(fﬁ’DfS)]

11 w; = ZjEDES(gi gj)T for all 7;
ZkeDfS\ ZjeDgs (9% 95)

12 00— ﬂgzi[inQ,CAWR(fgz« y fcpj y Dfs)]

13 end

where the weights are defined as wi,ws,...,wp =
softmax([—Lv (f,, D), =Ly (fps, D), .o s —Lv (foop,
D')]/7). The temperature factor 7 rescales the losses to
adjust the scale of weight changes.

Then we update the initial policy parameter 6 on a gradient
step with a step size of ao:

9 =6-— anaEP(fe, pr'? Dtr)’ (5)

the loss of the adapted policy is defined in the MACAW
algorithm [3] as Lp(fo, for, D) = LAVE(fy, for, D) +
MCAPVY (fy, for, D), where  LAWE(fy. f. D) =
Esa~p|—1og po(als) exp(:(Rp(s,a)  — Vir(s)))] s

the advantage-weighted regression loss, which is used
to update the policy network, and LAPV(fy, fpr, D) =
Esoon[(Aa(s,a) — (Rp(s,a) — Vi (s)))?] is the action
advantage regression loss. Ay(s,a) represents the advantage
function estimated using the current policy’s parameters 6.

After the policy performs gradient updating, we implement
evolutionary updating on it. Similar to the evolutionary
update process for value networks, the loss of P perturbed
policy models 8p = ¢’ +e€p is calculated, and then the evolu-
tionary learning of the policy parameter 6* is accomplished
by the following:

0% = w16y + w2l + --- + wpbp, (6)

where the weights are computed by wi,ws,...,wp =
SOftmaX([—,Cp(fgl ) ftp’a Dtr)’ _'CP(f927 fga/v Dtr)v SERE)
—Lp(fop, for, D)) /7). Note that here we use the gradient-
updated value parameter ¢’ rather than the evolutionary-
updated ¢*; the evolving parameter ¢* is only used for es-
timating the meta-gradient, and is not involved in parameter
updating in the inner loop.

C. Outer-Loop Process

To facilitate rapid adaptation during meta-testing, we em-
ploy the evolving value gradient meta-update for the value
parameters in the outer loop phase. To tackle the issue of
inconsistent gradient direction in MAML, we utilize the
gradient agreement method [22] as the meta-optimization ob-
jective for the policy. Additionally, we calculate a weighted
average of the evolving policy gradient to regulate the extent
to which different tasks contribute to the parameter update.
This process can be observed in lines 10-12 of Algorithm 1.

In the outer loop, we evaluate the evolving parameters in
the test data D' which is uncorrelated with the inner loop
data D" and use the evolving gradient as the meta-gradient

@@= Py i [VoLy(for, D) (7N

Unlike the value network update, we use the gradient
agreement method to optimize the initial policy parameters
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in the outer loop, considering that the gradients of different
tasks have different importance for the meta-policy update.
Assuming that the gradient update vector for each task is
> jepr (91 95)
>keptel 2jepte (9k 95)
gradient of a task aligns with the average gradient of all tasks
in a batch, the corresponding weight w; increases, indicat-
ing that this task contributes more to updating the model
parameters. By employing the gradient agreement method,
we effectively address the issue of negative adaptation in
individual tasks during multi-task meta-learning and promote
the generalization of the policy across all tasks.

. When the

represented by ¢;, w; =

IV. EXPERIMENTS

We conducted experiments on three types of meta-RL
tasks to evaluate the few-shot generalization performance of
the proposed MACEGA algorithm. Our goal is to experi-
mentally answer the following questions:

1) Can MACEGA achieve performance gains in the few-
shot policy generalization compared to other strong
baselines?

2) Can MACEGA effectively utilize online experience to
fast adapt to new tasks during online adaptation meta-
testing?

3) Can MACEGA show robustness to offline data quality?

4) Can the key design of MACEGA be conducive to
improving the generalizability of the algorithm?

A. Environments

We adopt multi-task MuJoCo [23] control tasks to make
comparisons as classical benchmarks commonly used in
meta-RL [14]-[17], [19]. Experiments in Cheetah-Dir, Ant-
Dir and Walker-Param strictly follow the datasets and set-
tings in [3]. The agents in all three tasks are penalized
with large control signals. The dataset for three control tasks
contains the full replay buffer for training an RL agent with
SAC [24].

TABLE I
OFFLINE META-REINFORCEMENT LEARNING ENVIRONMENTS SETTING.

Environment Training tasks  Testing tasks  Training steps
Cheetah-Dir 2 2 2.5M
Ant-Dir 45 5 2M
Walker-Param 45 5 1M

B. Implementation and baselines

In offline meta-RL challenges, we put the following base-
lines to the test:

« MACAW [3]: combines the bi-level optimization-based
meta-reinforcement learning algorithm MAML [9] with
AWR [8] algorithm, and is currently the state-of-the-art
optimization-based offline meta-reinforcement learning
method;

o Offline MT+FT [3]: Multi-Task Offline RL with Fine-
Tuning;

e« CORRO [6]: proposes a task-represented contrastive
learning framework robust to the distributional mis-
match of agent action policies in offline training and
testing. CORRO is the state-of-the-art offline meta-
reinforcement learning algorithm based on context vari-
ables;

o FOCAL [4]: proposes a novel negative-power distance
metric learning method to train the context encoder
for task inference as an end-to-end offline meta-RL
algorithm with high efficiency.

C. Results

In this section, we provide a comparative evaluation of
our proposed method and analyze its generalization per-
formance in both the offline meta-testing setting and the
online fine-tuning setting. In Section IV-C-1), we assess the
generalization performance of our proposed method under
the online meta-test setting and compare it with previous
offline meta-reinforcement learning algorithms. Furthermore,
in Section IV-C-2), we examine the generalization perfor-
mance of MACEGA in the online meta-test. Additionally, in
Section IV-C-3), we evaluate the robustness of MACEGA
in terms of data quality. Finally, in Section IV-C-4), we
demonstrate the effectiveness of the evolving gradient ap-
proach and the gradient agreement method in improving
the generalization ability of the offline meta-reinforcement
learning agent through ablation experiments.

1) Offline Meta-Testing Performance: To evaluate the
effectiveness of MACEGA in offline adaptation to new
tasks, we conducted the first experiment in three MuJoCo
environments. Fig. 2 illustrates the training performance of
the five algorithms and Tab. II presents the final perfor-
mance of these algorithms. The results depicted in Fig.
2 demonstrate that MACEGA exhibits competitive sample
efficiency across all three environments. However, in the
Walker-Param environment, MACEGA initially falls short of
MACAW'’s performance. Nevertheless, after approximately
10k training steps, MACEGA outperforms MACAW in terms
of generalization performance. The higher learning difficulty
of the Walker-Param environment explains why MACEGA
requires more training time to adapt to it. In the Cheetah-
Dir environment, which only consists of 2 training tasks, the
meta-learning capability of MACEGA is not fully utilized
due to the limited number of training tasks. In contrast,
MACEGA demonstrates better generalization performance in
the Ant-Dir and Walker-Param environments, where there are
45 training tasks available. The highlighted portion in Tab.
II indicates the best generalization performance achieved in
the current environments. MACEGA achieves state-of-the-art
performance in all three offline control environments. While
Offline MT+FT shows some learning results in the simpler
Cheetah-Dir environment, it fails to adapt well to the more
challenging Ant-Dir and Walker-Param environments. Com-
pared to Offline MT+FT, MACEGA trains efficiently and
exhibits relatively robust performance across all problems. It
provides a promising approach to learning representations
from the multi-task offline data that can be effectively
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Fig. 2. Offline meta-testing performance of MACEGA against baselines run over three random seeds in unseen tasks. Shaded regions show one standard

error of the average return of three seeds.

TABLE 11
AVERAGE META-TESTING RETURNS FOR MACEGA RELATIVE TO
OTHER FOUR BASELINES.

Algorithms Cheetah-Dir Ant-Dir ‘Walker-Param
FOCAL [4] 680.9+46.6 151.3+24.6 245.6+37.8
MACAW [3] 945.6+10.3 328.1+9.3 381.9+20.1
Offline MT+FT [3]  735.5+10.2 237.1+9.0 187.8+18.2
CORRO [6] 823.5+37.0 193.3+32.1 300.5+34.2
MACEGA (Ours) 1031.8+£30.7  415.8+12.2 566.2+17.9

adapted to new tasks during meta-testing.

2) Online Fine-Tuning Meta-Testing Performance: To
assess the online meta-learning capability of MACEGA,
we conducted experiments in three control environments
to compare its performance with MACAW under online
adaptation conditions. An ideal offline meta-reinforcement
learning algorithm should be able to leverage both offline
and online data during meta-testing. We compared the gen-
eralization performance of MACEGA and MACAW at 0
steps, 500 steps, and /k steps of online adaptation, as shown
in Tab. III. In environments with fewer testing task sce-
narios, such as Cheetah-Dir, the generalization performance
of both algorithms is relatively average, possibly due to
the limited task diversity. However, in the more diverse
task environments of Ant-Dir and Walker-Param, MACEGA
exhibits a strong ability to adapt online. Notably, even in
the challenging Walker-Param environment, where utilizing
online experience is most difficult, MACEGA demonstrates
fast adaptation to new tasks.

3) The Robustness of Offline Data Quality: To evaluate
the robustness of MACEGA on offline datasets, we test the
performance of the algorithm using three quality datasets.
Tab. IV presents the average returns of MACEGA and
MACAW for meta-reinforcement learning tasks on these
offline datasets. The results in Tab. IV demonstrate that when
the offline data are of medium quality, MACAW shows a
slight decrease in performance of approximately 5% across
the three environments compared to its performance with

TABLE III
COMPARISON OF AVERAGE RETURNS BETWEEN MACEGA AND
MACAW FOR TEST TASKS PERFORMED AFTER OFFLINE ADAPTATION (0
STEP) FOLLOWED BY ONLINE FINE-TUNING FOR 500 AND /k ONLINE

INTERACTIONS.
MACEGA (Ours) MACAW
Online Steps 0 500 1k 0 500 1k
Ant-Dir 409.3  423.1 4419 2519 263.1 2783
Cheetah-Dir 337 3909 552.1 -8.3 533 107.5
Walker-Param  548.7 5325 566.7 3249 2764 289.4

the expert data training. However, when random offline data
are used, MACAW’s performance decreases significantly,
particularly in the Ant-Dir environment where the decrease
reaches 16%. In contrast, the difference between the training
performance of MACEGA and its performance with expert
dataset is no more than 10%, regardless of whether the
dataset is of medium quality or random. This indicates that
MACEGA is capable of maintaining its robustness when
trained with datasets of varying qualities, potentially due to
the enhanced generalization provided by evolutionary meta-
learning.

4) Ablation: To evaluate the effectiveness of evolving
gradient and gradient agreement optimization, we conducted
ablation experiments. These two components play a crucial
role in the performance of MACEGA. The experiments
involved removing either the evolving gradient or the gra-
dient agreement part while keeping the other parts of the
MACEGA framework unchanged. The two ablation variants
are referred to as No EG (No Evolving Gradient) and No
GA (No Gradient Agreement). In the No EG variant, the
evolving gradient is removed, and meta-gradient estima-
tion is conducted using SGD. In the No GA variant, the
gradient agreement optimization is removed, and average
meta-gradient computation is used as an alternative. Fig. 3
illustrates the performance of MACEGA and its two ablation
variants in the Walker-Param environment.
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TABLE IV
COMPARISON OF THE PERFORMANCE OF MACEGA AND MACAW WITH DIFFERENT QUALITIES OF OFFLINE DATA DURING THE META-TESTING

PHASE. THE | INDICATES THE DECREASE IN PERFORMANCE WITH OTHER DATA QUALITIES.

Envi MACEGA (Ours) MACAW
nvironment
Expert Medium Random Expert Medium Random
Ant-Dir 415.8+12.2 404.7£20.3 (4 2.7%) 389.6+12.0 ({ 6.3%) 328.1+£9.3 310.6x15.4 (| 5.3%)  275.5%28.7 (| 16.0%)
Cheetah-Dir 1031.8+30.7  1006.4£25.6 (| 2.4%) 998.7#32.4 (| 3.2%) 945.6£10.3 887.9+22.9 (| 6.1%) 851.2+29.6 (| 10.0%)
Walker-Param 566.2+17.9 560.2+13.7 (| 1.1%) 558.6+7.6 (1 1.3%) 381.9+20.1 365.8422.7 (| 4.2%)  340.2+10.1 (| 10.9%)
Ablation (Walker Param) V. RELATED WORK
400 A. Meta-RL
S Existing approaches to meta-reinforcement learning can
=] . . .
B 300 be categorized into two groups. One group is contextual
o meta-reinforcement learning methods, which use recurrent
e neural networks [25]-[27] to tune the network based on
Z 200 VACEGA experience, or inference networks [19], [28], [29] to achieve
No GA meta-learning by learning contextual encoders. The other
— NoEG class is the meta-reinforcement learning method based on
100 . . Lo i
0 5000 10000 15000 20000 25000 30000 bi-level optimization [9], [15], [16] which implements meta

Training steps

Fig. 3. Ablation study of the effect of components on MACEGA
generalization performance.

The results indicate that although the two ablation variants
showed similar performance to MACEGA in the first 8000
training steps, MACEGA outperformed the two ablation vari-
ants in subsequent training. Additionally, the No EG variant,
which does not incorporate evolving gradient meta-learning,
exhibited the worst asymptotic performance compared to the
other two algorithms, suggesting that evolving gradient meta-
learning is a crucial factor in improving the generalization
ability of the model.

To examine the effectiveness of the gradient agreement
optimization method in enhancing the generalization perfor-
mance of each test task, ablation experiments were conducted
in the Ant-Dir environment. Fig. 4 shows the generalization
performance of MACEGA compared to MACAW under each
test task during the meta-training process, as well as the
performance when averaging all the test task returns. The
black dashed line in the figure represents the case where
the return is 400. In the three test tasks (Task 23, Task 30,
and Task 41), MACEGA consistently maintains stable perfor-
mance at a gain value of around 400. In contrast, MACAW’s
return, without utilizing gradient agreement optimization,
only reaches a stable performance level of around 350.
These results suggest that the weighted averaging of evolving
gradients, facilitated by the gradient agreement optimization,
can effectively enhance the generalization performance of the
agents for each subtask.

learning through upper-layer meta-level optimization, and
then quickly adapts to unseen tasks in the lower layer of
adaptation-level optimization. In previous work, the former
class of methods tends to achieve higher asymptotic per-
formance, while the latter class is usually robust to out-of-
distribution tasks.

B. Offline Meta-RL

Offline meta-reinforcement learning aims to learn policies
from pre-collected data to quickly adapt to new, unseen tasks.
Recent research in this field can be categorized into two main
groups. The first group extends from traditional online meta-
reinforcement learning settings and includes methods such
as context-based FOCAL [4], CORRO [6], and the meta-
gradient optimization-based MACAW [3]. These approaches
focus on improving generalization performance by leverag-
ing meta-learning techniques. The second group addresses
the generalization problem from a sequence modeling per-
spective. Prompt-DT [5] utilizes collected cues as prefixes
to generalize tasks without the need for an explicit context
encoder. However, this type of approach requires high-quality
immediate hot-start data, which can be challenging to obtain
for unseen tasks. To overcome this limitation, Ni et al.
[7] proposed MetaDiffuser, which combines a context-based
approach with a sequence modeling approach to achieve data
robustness for offline meta-reinforcement learning agents.
Our approach, MACEGA, belongs to the first category of
work and combines the strengths of meta-gradient optimiza-
tion and evolutionary optimization methods. Building upon
the foundation laid by MACAW [3], MACEGA not only
avoids the need for higher-order gradient computation and
improves the generalization ability of the meta-policy, but
also enhances the robustness of the agent to the quality of
offline data.

11897



Mean Task 6 Task 17

500 500 500

400 - 400 400
c A A //\ /\“\‘ J akl c /\/W NS LA
2300 a\ VWAL = 2300 v
-4 -3 %

2000 MACEGA (ours) > o

—— MACAW
100 100 100
0 10000 20000 30000 40000 0 10000 20000 30000 40000 0 10000 20000 30000 40000
Training Steps Training Steps Training Steps
Task 23 Task 30 Task 41

500 500 500

400 400
e =
£ E
2300 2 300
Q Q
o o

200 200

100 100 100

0 10000 20000 30000 40000 0 10000 20000 30000 40000 0 10000 20000 30000 40000

Training Steps

Fig. 4.

VI. CONCLUSION

In this paper, we propose MACEGA, an offline meta-
reinforcement learning approach that eliminates the need for
higher-order gradient computation. Specifically, we utilize
evolving gradient estimation to compute meta-gradients for
meta-updating value networks. To further enhance the gener-
alization performance of offline meta-reinforcement learning
agents, we introduce the gradient agreement method as the
meta-optimization objective for policy optimization. In addi-
tion, we incorporate weights to measure the contribution of
each task to the meta-policy update. Our method outperforms
previous baselines in terms of asymptotic performance on
multiple benchmarks, achieving performance improvements
ranging from 10% to 50% compared to MACAW. Moreover,
our approach exhibits robustness, maintaining stable perfor-
mance even when trained with random-quality offline data.
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