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Abstract

Meta-Reinforcement Learning (Meta-RL) aims to reveal
shared characteristics in dynamics and reward functions
across diverse training tasks. This objective is achieved by
meta-learning a policy that is conditioned on task represen-
tations with encoded trajectory data or context, thus allowing
rapid adaptation to new tasks from a known task distribution.
However, since the trajectory data generated by the policy
may be biased, the task inference module tends to form spu-
rious correlations between trajectory data and specific tasks,
thereby leading to poor adaptation to new tasks. To address
this issue, we propose the Meta-RL with task unCertAinty
feedback through decoupled context-aware Reward and Dy-
namics components (MetaCARD). MetaCARD distinctly de-
couples the dynamics and rewards when inferring tasks and
learning the policy, and integrates task uncertainty feedback
from policy evaluation into the task inference module. This
design effectively reduces uncertainty in tasks with changes
in dynamics or/and reward functions, thereby enabling accu-
rate task identification and adaptation. The experiment results
on both Meta-World and classical MuJoCo benchmarks show
that MetaCARD significantly outperforms prevailing Meta-
RL baselines, demonstrating its remarkable adaptation ability
in sophisticated environments that involve changes in both re-
ward functions and dynamics.

Introduction
Real-world scenarios often feature multiple tasks sharing
similar foundational structures. For instance, both closing
curtains and opening drawers share a pulling action. Meta-
Reinforcement Learning (Meta-RL) (Duan et al. 2016; Beck
et al. 2023) is formulated to discern this shared structure,
which can be viewed as dynamics and reward functions
among various training tasks. The ultimate goal is to meta-
learn a flexible policy that can quickly adapt to new tasks.

Context-based Meta-RL approaches are regarded as
promising for achieving such a goal. These approaches
leverage a context encoder to infer task-specific informa-
tion from past experiences and train a policy conditioned
on this derived latent context to ensure smooth adaptation
to new tasks. A critical challenge in context-based Meta-RL
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is referred to as Markov Decision Process (MDP) ambigu-
ity (Li et al. 2019), in which the context encoder mistakenly
establishes a spurious correlation between task representa-
tions and history data. Consequently, this leads to a latent
context-conditioned policy that struggles to distinguish be-
tween distinct tasks.

To alleviate this problem, recent advanced methods pri-
marily center around improving the representation of latent
context. For example, Probabilistic Embeddings for Actor-
critic meta-RL (PEARL) (Rakelly et al. 2019) adopts an
amortized variational inference method to learn a proba-
bilistic latent representation of prior experiences. Leverag-
ing from the recent advance of representation learning, (Fu
et al. 2020; Wang et al. 2021; Yuan and Lu 2022) employs
contrastive learning to train a compact context encoder so as
to capture the distribution of tasks. However, a major limita-
tion of these methods is their entangled latent contexts, mak-
ing it difficult for the agent to distinguish between changes in
dynamics or/and reward functions, thus hampering its adapt-
ability in complex environments.

In contrast, (Lee et al. 2020) proposes to bifurcate context
encoding and dynamics prediction to ensure that the con-
text encoder effectively captures local dynamics and predicts
both forward and backward dynamics. Variational Bayes-
Adaptive Deep RL (variBAD) (Zintgraf et al. 2019) trains
the posterior distribution of task embeddings through a de-
coder to predict the subsequent state and reward separately.
(Han and Wu 2022) first proposes to leverage Successor Fea-
tures (SFs) to enhance the identification ability of the con-
text encoder in meta-RL. These methods improve the agent’s
perception of changing dynamics or rewards when inferring
tasks with a context encoder. However, in practice, they only
rely on generating additional trajectory data by the policy
to self-correct inaccurate task inference. Nevertheless, the
collected trajectory data may be biased, and as a result, the
context encoder’s learning process may only correlate with
the low-quality trajectory data to minimize the loss function,
leading to mistakenly identifying the specific task. Besides,
the aforementioned methods also neglect the fact that de-
coupling dynamics and rewards in the policy space could
directly convey the information about accurately capturing
various MDP structures back to the context encoder. This
oversight often culminates in misaligned adaptation amid
current changes in dynamics and rewards. As a result, their
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context encoder continues to be incapable of better fitting
the task distribution.

To address the MDP ambiguity problem, we propose
the Meta-RL with task unCertAinty feedback through de-
coupled context-aware Reward and Dynamics components
(MetaCARD), which aims to reduce uncertainty from tasks
delineated by changes in dynamics and rewards while im-
parting this uncertainty feedback from policy evaluation
to the task inference module. MetaCARD first derives the
context-aware dynamics and reward components by linearly
decomposing a reward function. The dynamics component
is parameterized by both the state and the latent context,
while the reward component is solely parameterized by the
latent context. The Q function also considers the disentan-
gled components constrained by the latent context. This not
only serves as a more accurate proxy for policy evalua-
tion but also contributes to effective policy improvement.
Meanwhile, the updates to these two components provide
task uncertainty feedback and apply constraints to the con-
text encoder, thus establishing a direct and strong connec-
tion between task inference and policy evaluation. In this
way, the efficacy of the policy can directly manifest within
the learning procedure of the context encoder, compelling
the context encoder to more accurately fit the distribution
of tasks. Moreover, achieving accurate task inference be-
comes instrumental in acquiring improved policies. In this
way, our model can proficiently capture the essential char-
acteristics of different types of environmental shifts. Con-
sequently, MetaCARD demonstrates an enhanced capability
for flexible and efficient adaptability to diverse tasks.

The key contributions of our work can be summarized as:

1. We introduce decomposed context-aware representations
for dynamics and reward weights. This design enables
the policy, during its learning phase, to capture the unique
features of both the decoupled reward functions and dy-
namics. Moreover, the trajectories generated by the pol-
icy are more representative of the inherent trends of en-
vironmental changes.

2. We incorporate the feedback on task structures from pol-
icy evaluation to assist the context encoder in promptly
reducing the uncertainty about task inference and better
fitting the true task distribution, thereby improving the
inference accuracy and adaptation efficiency.

3. We perform comprehensive experiments on challenging
Meta-World and conventional MuJoCo benchmarks with
changing dynamics or/and reward functions. The results
demonstrate the superior adaptability of our model.

Related Work
Meta-RL aims to learn a policy capable of adapting ef-
ficiently to any new task from a given task distribution
with similar structures, thereby minimizing the requirement
for extensive data. Gradient-based Meta-RL methods (Finn,
Abbeel, and Levine 2017; Liu et al. 2022; Tang 2022) aim
to optimize initial parameters with policy gradient algo-
rithms, offering a favorable starting point for new tasks.
While these methods generate an improved policy that is ap-

plicable across task distributions, their policy gradient up-
dates tend to be sample inefficient.

Context-based Meta-RL methods (Rakelly et al. 2019)
provide some relief to this inefficiency. They infer the latent
context of the current task from freshly acquired trajectories
and train a latent context-conditioned policy to achieve rapid
adaptation. To improve sample efficiency, PEARL (Rakelly
et al. 2019) combines online inference of latent context with
off-policy RL algorithms. To enable the context encoder to
recognize unpredictable and swiftly changing environments,
(Luo et al. 2022) proposes to minimize the variance and
maximize the relational matrix determinant of the latent con-
text embeddings. (Lee et al. 2020; Seo et al. 2020; Mu et al.
2022) concentrate on meta-learning dynamics and the sep-
aration of context encoding from the inference of the next
state, ensuring flexible adaptation to changes in dynamics.
However, the latent context derived from the above meth-
ods remains entangled, lacking the ability to differentiate
between changes in dynamics and reward functions.

The integration of Successor Features (SFs) (Barreto
et al. 2017) with the generalized policy improvement (GPI)
method has demonstrated remarkable transfer capabilities
across various RL tasks (Barreto et al. 2020; Alegre, Baz-
zan, and Da Silva 2022). SFs decouple the dynamics and
the reward functions of an environment, thereby enabling
flexible transfer learning across tasks with different reward
structures but unchanged dynamics. Moreover, USFs (Ma
et al. 2020) explores a specific scenario where tasks share
the same dynamics while having different goals for goal-
conditioned RL. (Mozifian et al. 2022) further extends USFs
to multi-task settings with continuous goals.

In our work, we leverage decomposition forms similar to
SFs not only in the representation space (Han and Wu 2022)
but also extend them to the policy space, ensuring more ac-
curate task inference and efficient policy improvement. We
draw inspiration from (Zhang, Satija, and Pineau 2018) to
predict actions and next-state embeddings to assist context-
aware features in learning changed dynamics, making the
process more flexible when integrated with Meta-RL.

Problem Statement
Meta-RL is defined on a distribution of tasks p(T ), where
each task is a Markov Decision Process (MDP) (Sutton
and Barto 1998) represented by a tuple (S,A, p, r, γ, ρ0),
in which S denotes the state space, A the action space,
p(s′|s, a) the transition dynamics, r(s, a, s′) the reward
function, ρ0 the initial state distribution, and γ ∈ [0, 1)
the discount factor. In Meta-RL, a task T is defined as
{p(s0), p(s′|s, a), r(s, a, s′)}, where different tasks can be
obtained by altering dynamics or reward functions. During
the meta-learning process, a policy π(a|s, z) is conditioned
on both the state s and the latent context embedding z. And
z is learned based on a set of training tasks sampled from
p(T ). This policy adapts to the present task by considering
the past transition history, which is referred to as context c.
We define cTk as (sk, ak, s′k, rk), representing one transition
in task T , and cT1:K comprises the experience collected so
far. At test time, the policy should adapt to a new task sam-
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Figure 1: The architecture of MetaCARD. The MetaCARD framework consists of three main modules: (1) Module A: Context-
aware feature acquisition, which learns context-aware reward weights w and features ϕ; (2) Module B: Policy learning, which
the agent learns/refines its policy; and (3) Module C: Task representation learning, which derives task representations with
uncertainty feedback.

pled from p(T ). The overall objective is formulated as:

maxπ

{
R⋆ = ET⋆∼p(T )

[ ∞∑
t=0

γtr(st, at)

]}
,

at ∼ π(st, z), ⋆ = {“train”, “test”}
(1)

Methodology
As illustrated in Fig.1, MetaCARD starts by decomposing
the reward function into two components: context-aware
features and context-aware reward weights. Such decompo-
sition is then applied in both Q-value estimation and policy
learning. Moreover, updates to these two components also
facilitate the context encoder to extract richer task-pertinent
information. This allows the model to individually predict
the changes in reward functions and dynamics, resulting in
enhanced adaptability when dealing with more challenging
Meta-RL tasks.

Decoupled Context-Aware Reward and Dynamics
Components
Let us first introduce a context encoder g parameterized by
η to infer task-relevant information. This encoder generates
a latent context embedding z by processing a recent history
of transitions sampled from task T . Specifically, we define
the latent context embedding as:

z = gη(c
T
1:K), (2)

where cTk = (sk, ak, s
′
k, rk) represents the k-th transition in

the history, consisting of the current state sk, action ak, next
state s′k, and reward rk. The history involves K transitions.

We propose that the reward function can be linearly de-
composed as follows:

r(s, a, s′, z) = ϕ(s, a, s′, z)Tw(z), (3)

where ϕ(s, a, s′, z) ∈ Rd denotes the context-aware features
of (s, a, s′) and represents the dynamics of the environment,
w is a fully-connected network and its output w(z) ∈ Rd

represents the context-aware reward weights. By concate-
nating the latent context embedding z and (s, a, s′) as inputs
to the ϕ network, the context-aware features are enriched by
incorporating task-relevant information, better reflecting the
inherent variations within the tasks. Based on Eq.(3), the Q-
value can be rewritten as
Qπ(s, a, z) = Eπ [rt+1 + γrt+2 + . . . |st = s, at = a]

= Eπ[ϕ
T
t+1w(z) + γϕTt+2w(z)+

. . . |st = s, at = a]

= Eπ

[ ∞∑
m=t

γm−tϕm+1

∣∣∣s, a]T

w(z)

= ψπ(s, a, z)Tw(z).
(4)

The context-aware successor feature ψπ(s, a, z) (CSF) un-
der policy π equates to the expected discounted sum of ϕ. As
shown in Eq.(3) and (4), the dynamics are disentangled from
the associated reward in the feature space, and both become
correlated with the inferred task information. Consequently,
the agent is able to perceive these two distinct types of en-
vironmental changes. For the simplicity of the notation, we
will use ϕ(s′, z) hereafter, which is technically a simplified
version of ϕ(s, a, s′, z).

The w network is trained with off-policy data sampled
from the replay buffer B to minimize the prediction error of
rewards:

Lr = E(s,a,s′,r)∼B
z∼gη

[
1

2
(r − ϕµ(s

′, z)Twφ(z))
2

]
. (5)

Besides, we utilize a forward model fξ and an inverse model
hρ to assist in learning ϕµ(s′, z). The forward model takes
ϕµ(s, z) of the current state and the action a as inputs, and
predicts the context-aware features of the next state:

ϕ̂(s′, z) = fξ(ϕµ(s, z), a). (6)

The inverse model takes ϕµ(s, z) and ϕµ(s′, z) of two con-
secutive states as inputs, and predicts the action â, which is
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Algorithm 1: MetaCARD algorithm
# Meta-training Process
Input: training tasks T train

i from p(T ), replay buffers
Bi, context encoder gη(z|ci), contextual policy πθ(a|s, z),
context-aware features ϕµ(s, a, s′, z), CSF ψζ1(s, a, z) and
ψζ2(s, a, z), context-aware reward weights wφ(z), forward
model fξ, and inverse model hρ

1: while not done do
2: for each training task T train

i do
3: Sample latent context z ∼ gη(z|ci)
4: Roll-out policy πθ(a|s, z) and add transitions

(sk, ak, s
′
k, rk)k:1···K to Bi

5: end for
6: for each training step do
7: for each training task T train

i do
8: Sample ci = (si, ai, s

′
i, ri)i:1···I ∼ Bi for con-

text encoder and RL batch bi ∼ Bi

9: Sample latent context z ∼ gη(z|ci)
10: Train w: Ebwi ,z[Lr], bwi ∼ Bi

11: Train ϕ, f , and h: Ebϕi ,z
[Ldynamics], b

ϕ
i ∼ Bi

12: Train CSF ψζ1 and ψζ2 : Ebi,z[Lcritic]
13: Train contextual policy π: Ebi,z[Lactor]
14: Train context encoder g: Ebi,z[Jencoder]
15: end for
16: end for
17: end while
# Meta-testing Process
Input: test tasks T test from p(T )

1: Initialize transitions cT = {}
2: for m = 1, . . . ,M do
3: Sample latent context z ∼ gη(z|cm)
4: Roll out policy πθ(a|s, z) to generate transitions

DT
m = {(sn, an, s′n, r)}

5: Store the transitions: cT = cT ∪DT
m

6: end for

executed by the agent to transit from s to s′:

â = hρ(ϕµ(s, z), ϕµ(s
′, z)). (7)

Then the auxiliary loss is defined as follows:

Lauxiliary = E(s,a,s′)∼B
z∼gη

[
|ϕ̂(s′, z)−ϕµ(s′, z)|+|â−a|

]
. (8)

We sample transitions from the replay buffer B and jointly
update the parameters µ, ξ, and ρ as follows:

Ldynamics = Lr + λLauxiliary, (9)

where λ is a hyperparameter ranging from 0 to 1.
Specifically, in environments where dynamics remain

constant but rewards changes, we can substitute ϕ(s′, z)
with ϕ(s, a, s′) and only train the ϕ and w networks using
Eq.(5). During meta-training, we can promptly evaluate pol-
icy π on different tasks by approximating context-aware re-
ward weights w(z). This approach not only simplifies the
training of the Q-value but also facilitates the learning of
shared dynamics structures, enabling rapid adaptation.

Policy Learning
To establish more intimate relationships between the tra-
jectories generated by the policy and the changes in the
environment, we further incorporate context-aware reward
weights and successor features into the meta-training of the
policy. Our algorithm is built on the Soft Actor-Critic (SAC)
algorithm (Haarnoja et al. 2018), an off-policy actor-critic
method that utilizes the maximum entropy RL objective.

Considering ϕ(s′, z) as the role of immediate reward, we
can estimate the CSF1 as:

ψ̂π(s, a, z) = Eπ

[
ϕµ(s

′, z) + γψπ
ζj (s

′, π(s′), z)
]
, j = 1, 2.

(10)
During the training of the ψ network, the latent context em-
bedding z serves as a special state input, thereby facilitating
the acquisition of a more generalized representation of the
dynamics. Consequently, the objective of training the ψ net-
work is to minimize the squared residual error:

Lcritic = E(s,a)∼B,z∼gη

[1
2
(ψζj (s, a, z)

Twφ(z)−

ψ̂(s, a, z̄)Twφ(z̄))
2
]
,

(11)

where z denotes stopping the back propagation of gradients.
To mitigate the issue of Q-value overestimation and sta-

bilize the training process, double ψ networks are leveraged
for the estimation of CSF. The Q-value is then estimated by
computing the minimum product of ψ and w:

Q(s, a, z) = min
j=1,2

ψζj (s, a, z)
Twφ(z). (12)

The policy network can be updated by minimizing the ex-
pected KL-divergence:

Lactor = E s∼B
a∼πθ
z∼gη

[
DKL

(
πθ(a | s, z)

∥∥∥exp (Q(s, a, z))

Zυ(s)

)]
,

(13)
where the policy πθ is also conditioned on the latent con-
text embedding z and Zυ(s) is a partition function used to
normalize the distribution. The policy evaluation is achieved
through the context-aware dynamics and reward compo-
nents. Thus, the reward and dynamics structure across dif-
ferent tasks can be separately learned during policy training.

Context Encoder Optimization with Uncertainty
Feedback
It is crucial for the latent context to adeptly reflect changes
in the reward function and dynamics of the environment.
Therefore, the context encoder is designed to precisely cap-
ture alterations in both reward functions and dynamics from
past transitions. In addition to leveraging the KL-divergence,
as inspired by (Rakelly et al. 2019), to enrich the latent
context embedding with more task-specific information, we
also utilize the training losses of reward and CSF, denoted

1In our experiments, the update procedure includes target CSF
networks, whose parameters are updated with an exponential mov-
ing average derived from the weights of the ψ network.
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Figure 2: Meta-testing average performance on 8 ML1 environments over 3 random seeds. For each seed, the average success
rate is computed every 600 testing steps, averaging over 10 episodes.

as LCARD, regarded as uncertainty feedback to jointly con-
strain the context encoder, thus extracting more compact and
accurate task representations.

LCARD = Lr + E(s,a)∼B
z∼gη

[ ∣∣∣ψζj (s, a, z)− ψ̂(s, a, z̄)
∣∣∣ ].

(14)
Then, the optimization objective of the context encoder
Jencoder is formulated as:

E c∼B
z∼gη

[logp(Q)− αDKL(gη(z|cT1:K))∥p(z)]− βLCARD,

(15)
where α and β are hyperparameters, and β is set to 0.01
in all experiments. As LCARD enables the context encoder
to promptly perceive and adapt to task variations, it fosters
the training of more robust policies capable of effectively ac-
commodating diverse tasks. The efficacy of LCARD is further
confirmed through the ablation study.

Meta-Testing
During the Meta-testing phase, we randomly sample various
testing tasks from the task distribution p(T ). Task-specific
transitions cm are generated by performing a random policy.
Subsequently, the context encoder utilizes these transitions
for task inference, resulting in the derivation of latent con-
text embeddings z. Conditioned on z, the well-trained pol-
icy πθ(a|s, z) is evaluated on test tasks, thereby generating
a sequence of new transitions DT

m. Through such iterations,
we test the performance and adaptation ability of the policy.
Alg. 1 presents the detailed procedures of MetaCARD.

Experiments
We experimented on a wide range of tasks to evaluate the
adaptability of MetaCARD, with a focus on the following
questions: 1) How does MetaCARD perform against the lat-
est baselines when dealing with more challenging tasks?

(Table 1 and Fig.2) 2) How proficiently can MetaCARD
adapt to tasks with simultaneous changes in dynamics and
rewards? (Fig.5) 3) Is MetaCARD capable of learning a
compact and distinct task representation? (Fig.6 and Fig.7)

Experimental Setups
Task settings Our experiments include two benchmarks:
1) Meta-World2 (Yu et al. 2019) consisting of 50 different
robotic manipulation tasks; 2) Classical MuJoCo (Todorov,
Erez, and Tassa 2012) with only parametric diversity, a
benchmark widely adopted in Meta-RL. The experiments
are mainly in three distinct scenarios: a) Tasks with sole
changes in reward functions (e.g., walking direction for
Half-Cheetah-Dir and goal location for Ant-Goal); b) Tasks
with sole changes in dynamics (e.g., body mass for Half-
Cheetah-Mass and random parameters for Walker-Rand-
Params); c) Tasks with changes in both reward functions and
dynamics (e.g., walking direction and body mass for Half-
Cheetah-Dir-Mass, and walking direction and damping for
Half-Cheetah-Dir-Damp).

Baselines We compared our method with five prevailing
and competitive baselines: (1) PEARL (Rakelly et al. 2019)
integrates task inference with off-policy RL algorithms; (2)
SFC (Han and Wu 2022) utilizes SFs to train the context
encoder; (3) RL2 (Duan et al. 2016) employs a recurrent
neural network (RNN) to encode states; (4) VariBAD (Zint-
graf et al. 2019) employs a decoder to train the posterior
over the latent context; (5) CCM (Fu et al. 2020) leverages
contrastive learning to learn the latent context.

Evaluation metrics We adhered to the Meta-Learning 1
(ML1) evaluation protocol in the Meta-World benchmark,
which uses few-shot adaptation to goal variations within a
single task. All models were trained with equal time steps,

2Generally, Meta-World is considered to be a more challenging
benchmark due to its broader task distribution. (Beck et al. 2023)
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Door-Unlock Faucet-Close Door-Close Button-Press
Train Test Train Test Train Test Train Test

RL2 19.80±5.41 20.60±5.61 18.00±14.34 13.27±10.24 90.27±7.33 91.80±6.35 39.93±4.72 39.27±5.74
variBAD 94.10±2.53 95.30±2.78 99.47±0.46 99.80±0.00 93.73±7.37 88.73±15.95 95.00±1.74 94.13±2.02
CCM 24.67±18.20 21.73±15.02 52.80±17.03 53.20±17.17 80.47±33.83 79.53±35.45 41.07±32.13 35.27±32.86
PEARL 90.20±6.39 90.40±4.21 99.67±0.42 99.87±0.23 92.70±5.13 94.80±4.85 89.00±1.06 89.93±1.62
SFC 16.93±7.17 17.00±11.64 1.40±1.51 1.27±1.30 51.13±50.04 52.67±50.21 61.27±9.64 61.27±9.41
MetaCARD 99.73±0.31 99.93±0.12 100.00±0.00 99.93±0.12 98.20±3.12 98.87±1.96 98.53±0.99 98.07±1.55

Plate-Slide Door-Lock Handle-Press Plate-Slide-Back
Train Test Train Test Train Test Train Test

RL2 37.27±4.00 44.60±2.82 12.33±14.70 6.33±6.30 46.80±1.64 48.00±15.87 0.00±0.00 0.00±0.00
variBAD 72.07±3.70 69.13±7.70 47.13±38.12 42.53±38.69 79.87±34.87 83.07±29.33 73.13±16.07 73.40±22.19
CCM 9.53±8.73 10.27±9.70 68.93±23.55 66.60±30.38 79.13±13.12 79.53±18.13 0.00±0.00 0.00±0.00
PEARL 76.40±10.53 74.30±13.83 55.95±41.87 53.10±48.56 99.07±0.64 99.33±0.31 88.87±3.21 88.20±7.99
SFC 64.13±7.60 55.73±5.26 54.13±4.73 55.33±9.26 37.87±20.61 34.27±20.34 2.27±2.20 3.27±1.70
MetaCARD 89.80±2.82 89.33±3.63 98.93±1.68 97.67±3.70 99.87±0.23 99.93±0.12 92.00±2.43 92.33±0.61

Table 1: Average success rate ± standard error (%) on Meta-World.

and subsequent policy evaluations were performed with the
same number of time steps. Following (Zhang et al. 2021),
the performance of the policy learned with the ML1 protocol
was evaluated by computing the average success rate across
three random seeds. In the classical MuJoCo benchmark, we
computed the average return across three random seeds.
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Figure 3: Meta-testing average return on Half-Cheetah-Dir
and Ant-Goal with changed reward functions.
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Figure 4: Meta-testing average return on Half-Cheetah-Mass
and Walker-Rand-Params with changed dynamics.

Adaptation Efficiency and Performance
Performance on tasks with sole changes in reward func-
tions or dynamics We experimented with 8 ML1 environ-
ments and 2 MuJoCo environments, all of which varied in
reward functions, to evaluate the performance of all models.
The testing curves and converged performances are depicted
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Figure 5: Meta-testing average return on Half-Cheetah-Dir-
Mass and Half-Cheetah-Dir-Damp with both changed re-
ward functions and dynamics.

in Fig.2 and Fig.3, respectively. As illustrated in Fig.2,
MetaCARD consistently achieves state-of-the-art (SOTA)
adaptation efficiency across all 8 ML1 environments.

As presented in Table 1, MetaCARD also achieves the
highest average success rate with lowest variance in most
ML1 environments. Although SFC outperforms PEARL in
Door-Lock, it fails in the majority of the other environments.
In comparison with MetaCARD, PEARL exhibits impres-
sive asymptotic performance in Faucet-Close and Handle-
Press. However, PEARL adapts more slowly to test tasks in
other environments, which may be attributed to its coupled
task representation that makes discerning shifts in reward
functions across different tasks challenging. On the contrary,
variBAD outperforms PEARL in both Door-Unlock and
Button-Press by leveraging a disentangled latent context.
Although CCM has learned excellent task representations
(Fig.6), it performs significantly worse. Thus, a contrastive-
only context cannot perceive the relations between tasks ad-
equately. In contrast, MetaCARD’s explicit consideration of
dynamic and reward components enables it to learn more
meaningful representations, which is critical for better pol-
icy learning in such complex task distribution.

In MuJoCo environments, MetaCARD shows compara-
ble performance in Half-Cheetah-Dir and significantly out-
performs other baselines in Ant-Goal, as illustrated in Fig.3.
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Figure 6: t-SNE visualization of the latent context extracted from trajectories collected in 10 diverse tasks.
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Figure 7: Ablation of LCARD for context encoder training.

Notably, RL2 outperforms CCM and SFC possibly due to
PPO optimization. Furthermore, MetaCARD achieves per-
formance that is superior to the baselines in Half-Cheetah-
Mass and Walker-Rand-Params, as presented in Fig.4. These
results confirm that MetaCARD effectively captures task-
specific information and fits better with the task distribu-
tion. Although variBAD and SFC learn task representations
that decouple dynamics and reward functions, their policies
cannot form a connection between the intrinsic attributes of
these two types of changes and the true task distribution.

Performance on tasks with changes in both dynamics
and reward functions This part examines the models’
adaptability to more complex Meta-RL settings with both
dynamics and reward functions of tasks modified. In Fig.5,
MetaCARD demonstrates a notably more efficient adapta-
tion ability than other methods, indicating that the context-
aware reward and dynamics components can effectively cap-
ture the causality of dynamics and reward functions. Con-
versely, variBAD and CCM appear to struggle with adapting
to new tasks, possibly because their policies cannot accu-
rately detect changes between tasks, despite having learned
distinct or otherwise excellent task representations.

Ablation Study
We conducted an ablation experiment to assess the effec-
tiveness of LCARD. As illustrated in Fig.7, the incorpora-
tion of the LCARD (Eq.(14)) into the update of the context
encoder yields substantial improvements in both adaptation
efficiency and final performance. The possible reason may
stem from the fact that LCARD enables the context encoder
to accurately mirror changes in both reward functions and

dynamics, which, in turn, facilitates the rapid adaptation of
the agent to novel tasks. Interestingly, across most environ-
ments, even in the absence of LCARD, MetaCARD continues
to outperform PEARL by efficiently adapting to new tasks
and achieving superior asymptotic performance. This proves
that the policy learned via context-aware successor features
and context-aware reward weights can discern the difference
between reward functions and dynamics across tasks, setting
it apart from the Actor-Critic structure utilized in PEARL.

Visualization for Context
To provide a visual insight into the learned latent context of
MetaCARD during the meta-testing phase, We employed t-
SNE (van der Maaten and Hinton 2008) for comparison with
PEARL, SFC and CCM. We initiated the learned policies on
ten randomly sampled test tasks derived from Faucet-Close
in the Meta-World benchmark to generate trajectory data.
These trajectories were encoded by the context encoder to
output latent context embeddings, which were then visual-
ized with t-SNE as depicted in Fig.6.

The results demonstrate that the context encoder trained
by the MetaCARD is highly effective in distinguishing dif-
ferent trajectories from distinct tasks, indicating the extrac-
tion of compact and disentangled task representations. In
contrast, the latent context embeddings for different tasks
trained by PEARL and SFC tend to overlap, while embed-
dings from the same tasks cluster together. Consequently, in
more complex environments, PEARL and SFC struggle to
accurately discern the variations in task structure as reflected
in trajectory changes during task inference.

Conclusion
In this paper, we propose MetaCARD to effectively resolve
the MDP ambiguity problem by: 1) inferring tasks and learn-
ing the policy through context-aware reward and dynam-
ics components to accurately capture the unique attributes
of decoupled dynamics and rewards, thereby promoting a
clearer understanding of task specifics, 2) imparting task un-
certainty feedback from policy evaluation to context encoder
to avoid overfitting the task distribution. The experiment re-
sults demonstrate that our model outperforms baseline meth-
ods by a large margin in accurately identifying tasks and ef-
fectively adapting to complex environments.
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