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Abstract

Model-based reinforcement learning (MBRL) is a crucial ap-
proach to enhance the generalization capabilities and improve
the sample efficiency of RL algorithms. However, current
MBRL methods focus primarily on building world models
for single tasks and rarely address generalization across dif-
ferent scenarios. Building on the insight that dynamics within
the same simulation engine share inherent properties, we at-
tempt to construct a unified world model capable of generaliz-
ing across different scenarios, named Meta-Regularized Con-
textual World-Model (MrCoM). This method first decom-
poses the latent state space into various components based
on the dynamic characteristics, thereby enhancing the ac-
curacy of world-model prediction. Further, MrCoM adopts
meta-state regularization to extract unified representation of
scenario-relevant information, and meta-value regularization
to align world-model optimization with policy learning across
diverse scenario objectives. We theoretically analyze the gen-
eralization error upper bound of MrCoM in multi-scenario
settings. We systematically evaluate our algorithm’s general-
ization ability across diverse scenarios, demonstrating signifi-
cantly better performance than previous state-of-the-art meth-
ods.

1 Introduction

Reinforcement learning, a key algorithm for solving
decision-making problems, has achieved significant success
in domains such as games (Silver et al. 2018; Berner et al.
2019), robotic control (Akkaya et al. 2019), autonomous
driving (Kiran et al. 2021), and even large language model
tuning (Sun et al. 2023). One crucial requirement for broader
RL applications is to improve the sample efficiency, and re-
cent advances in model-based approaches have emerged as
a promising solution by learning a world-model.
Most model-based RL methods mainly focus on single-

task settings, where a dedicated world model is trained for
each individual task. Recent studies have demonstrated the
robustness of world model hyperparameters across diverse
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scenarios, that is, maintaining identical training configura-
tions to train world models under varying conditions. How-
ever, they seldom investigate cross-scenario generalization
of the world models themselves. This critical gap prevents
the deployment of a unified world model across multiple en-
vironments, which could substantially reduce training costs.
Therefore, this naturally leads to the following question:

How to learn a unified world-model capable of
generalizing across multi-scenarios?

In this work, we aim to provide an effective solution to
construct the unified world-model. First, we decompose the
latent state space into various components based on the dy-
namic characteristics, thereby enhancing the accuracy of
world-model prediction. Further, we propose the meta-state
regularization mechanism to extract unified representation
of scenario-relevant information, and meta-value regulariza-
tion to align world-model optimization with policy learning
across diverse scenario objectives. We name our method as
Meta-Regularized Contextual World-Model (MrCoM). We
conduct the theoretical analysis for the model’s generaliza-
tion capability and derive the upper bound of the generaliza-
tion error of our method.
For the experiments, we select the Mujoco-based

MDC (Tassa et al. 2018; Todorov, Erez, and Tassa 2012),
a simulation engine for robotic actions, as the benchmark.
We construct the meta-scenarios set by changing the sce-
nario dynamics and objective (e.g., robot’s limb size and
length). Through extensive experimental results, we demon-
strate the advantage of our method over current state-of-the-
art approaches.
In summary, our contributions are threefold:

1. We propose MrCoM to learn a unified world-model
based on the meta-state and meta-value regularization
mechanism.

2. We conduct the theoretical analysis for MrCoM, deriving
the generalization error upper bound.

3. We conduct comprehensive experiments demonstrating
that, compared to other baselines, the world model
learned by MrCoM can generalize across diverse scenar-
ios.
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Figure 1: Framework of MrCoM, which merges multi-scenario data into a unified world-model. The meta-state regularization
extracts scenario-relevant information, and meta-value regularization aligns world-model optimization with policy learning.

2 Problem Formulation

2.1 POMDP

A Partially Observable Markov Decision Process (POMDP)
is an extension of a Markov Decision Process (MDP) used
to model decision-making problems under uncertainty and
incomplete information. It can be represented as a tuple
M = {S,A, r, T, ⇢0, �,O,⌦}. Here, S 2 Rn denotes
the state space, A 2 Rm represents the action space, r :
S ⇥ A ⇥ S ! R is the reward function, T : S ⇥ A ! S

defines the dynamics of state transitions, ⇢0 2 S represents
the initial state distribution, � 2 [0, 1) is the discount factor,
O 2 Rk denotes the observation space, and ⌦ : S ! O is
observation function representing the mapping from states
to observations.
The policy of an agent, denoted as ⇡� : O ! A, is pa-

rameterized by �. The discounted infinite horizon return is
defined as G⇡ =

P1
t=0 �

t
r(st, at), where t represents the

time step and a denotes the action taken by the agent. The
objective is to find the optimal policy parameter �⇤ that max-
imizes the cumulative discounted reward:

�
⇤ = argmax

�
E
" 1X

t=0

�
t
r(st,⇡�(ot))

#
(1)

2.2 Meta-POMDP

In this work, we consider finding a policy that maxi-
mizes expected return in a Meta-POMDP, defined as M =
{M

i
}
N
i=1 = {S

i
,A

i
, r

i
, T

i
, ⇢

i
0, �,O

i
,⌦i

}
N
i=1, with a set of

scenario indices 1, · · · , N . Each scenario i is randomly sam-
pled from the meta-scenario set T i

⇠ p(T ), where T i cor-
responds to a particular POMDP tupleMi. In this work, we
assume that each scenario i presents a different state space
S
i, action space A

i, reward function r
i, dynamics T i and

observation space Oi. We formulate the policy optimization
problem as finding a policy that maximizes expected return
over all the scenarios:

�
⇤ = argmax

�
ET i⇠p(T )

" 1X

t=0

�
t
r
i(sit,⇡�(o

i
t))

#
(2)

Comparison with other setting: Unlike prior works,
we aim to learn a unified world-model effective across
varying state spaces S

i, action spaces A
i, dynamics

T
i, reward functions r

i, and observation functions O
i.

For example, CaDM (Lee et al. 2020) seeks to con-
struct a world-model capable of generalizing across di-
verse dynamics T

i, which is represented as {M
i
}
N
i=1 =

{S,A, r, T
i
, ⇢0, �,O,⌦}Ni=1. Dreamerv3 (Hafner et al.

2023) is designed to construct a world-model for individual
tasks, where M = {S,A, r, T, ⇢0, �,O,⌦}. MAMBA (Ri-
mon et al. 2024) seeks to construct a world model ef-
fective across diverse scenarios with varying dynamics T i

and reward functions ri, which is denoted as {Mi
}
N
i=1 =

{S,A, r
i
, T

i
, ⇢0, �,O,⌦}Ni=1.

2.3 Model-Based RL

Model-Based Reinforcement Learning (MBRL) constructs
an approximate dynamics model T̂✓(s0t | st, at), where the
model parameters ✓ are optimized based on observed dataD
through maximizing the likelihood:

✓
⇤ = argmax

✓

X

(s,a,s0)⇠D

log T̂✓(s
0
t | st, at) (3)

In the MBRL framework, policy learning can take advan-
tage of real data and simulated data generated by the ap-
proximated dynamics model T̂✓(s0t | st, at), which enhances
sample efficiency and reduces dependency on real environ-
ment interactions.

3 Method

In this section, we propose a novel method to learn a unified
world-model capable of generalizing across multi-scenarios,
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Figure 2: Model architecture of algorithms. Compared to other methods, MrCoM implements a refined partitioning of the latent
state space. In this Figure, s̃ denotes the latent state, d the deterministic latent state, u the stochastic latent state, and h the
auxiliary state. In MrCoM, the latent state s̃t is composed of the concatenation of ut, dt, and ht.

named Meta-Regularized Contextual World-Model (Mr-
CoM). We first present the model architecture, which de-
composes the latent state space based on dynamic charac-
teristics, enhancing prediction accuracy of the world model.
Subsequently, we separately introduce meta-state regular-
ization and meta-value regularization mechanisms. These
two mechanisms extract scenario-relevant information and
align model-policy optimization, achieving cross-scenario
generalization of the world model. The framework of Mr-
CoM is shown in Figure 1.
To optimize the world-model across multiple scenario,

we inject contextual information into state prediction with
the transformer architecture. During inference initialization,
the contextual information will activate the model’s domain-
specific predictive capability. The contextual information is
defined as:

Ct = {ot�m, at�m, . . . , ot�1, at�1}, (4)

wherem denotes the context length. When t < m, scenario-
related expert trajectories are used as contextual informa-
tion, with the first-in-first-out mechanism to update the gen-
erated latest trajectories.

3.1 Model Architecture

Complex environments often exhibit stochastic distur-
bances, making precise modeling challenging. To tackle this
issue, we first assume a mapping function f

? that projects
environmental states into a unified latent space eS:
Assumption 1 (Unified Mapping). For all scenarios, states
and actions can be mapped by a function f

? to a unified
latent state space eS . For simplicity, the unified mapping of
the action space is not explicitly expressed here. Formally,
the state unified mapping can be described as:

8T
i
⇠ p(T ), 9f

? : Oi
! eS

s.t., f?(o) = s̃, 8o 2 O
i
, where s̃ 2 eS.

(5)

We assume the unified latent space eS can be decomposed
into stochastic ut and deterministic dt components. We de-

rive the stochastic component ut from contextual informa-
tion Ct, which follows the Gaussian distribution to capture
the uncertainty in state transitions:

p
ut
✓ = p✓(ut | Ct, at) (6)

We compute the deterministic component dt based on his-
torical information dt�1 and the current stochastic input ut,
thereby preserving historical stochastic information:

p
dt
✓ = p✓(dt | dt�1, ut, at) (7)

Since we aim to learn a unified world model applicable
across multiple scenarios, we introduce an additional aux-
iliary state ht conditioned on contextual information Ct to
enhance prediction accuracy and minimize information loss.
This auxiliary state ht follows a Gaussian distribution:

p
ht
✓ = p✓(ht | Ct, ht�1) (8)

Based on the above analysis, the latent state s̃t is com-
posed of the concatenation of ut, dt, and ht. For the poste-
rior distribution, we utilize the original observation ot as the
additional input and reconstruct the original observation ot

conditioned on the stochastic component ut, deterministic
component dt, and auxiliary state ht:

q
ut
✓ = q✓(ut | Ct, at, ot)

q
ht
✓ = q✓(ht | Ct, ht�1, ot)

p
ot
✓ = p✓(ot | ut, dt, ht)

(9)

Based on the above analysis, our world-model T̂✓ com-
prises the prior encoders put

✓ , p
dt
✓ , p

ht
✓ , the posterior encoders

q
ut
✓ , q

ht
✓ , and the reconstruction decoder pot✓ . Based on the

variational bound, we have the following loss function:
Lvar = LKL + Lrecon

= ED

h
KL(put

✓ kq
ut
✓ ) + KL(pht

✓ kq
ht
✓ )� log pot✓ )

i
,

(10)
where LKL denotes the KL divergence between the prior and
posterior distributions of latent states, and Lrecon represents
the reconstruction error of original observations. Please refer
to Figure 2 for the model architecture.
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3.2 Meta-State Regularization

Original observations ot typically contain both scenario-
relevant and scenario-irrelevant information. Scenario-
relevant information refers to state variables determined
by actions, whereas scenario-irrelevant information denotes
action-invariant state elements. Crucially, scenario-relevant
information correlates with scenario objectives and plays a
vital role when the world model operates across various do-
mains. Therefore, to learn a unified world-model applicable
across multiple scenarios, we must extract scenario-relevant
information from original observations.
Inspired by Denoised MDPs, we find that the transition of

scenario-relevant states can be largely determined given cur-
rent actions at and contextual informationCt. Consequently,
to filter out scenario-irrelevant information from original ob-
servations, we optimize the world-model by minimizing mu-
tual information I(ut, ot | Ct, at) between stochastic com-
ponents ut and original observations ot. Specifically, we can
optimize the upper bound for the mutual information by in-
troducing an additional variational approximation distribu-
tion q(ut|Ct, at) (Poole et al. 2019):

I(ut, ot | Ct, at) ⌘ Ep(Ct,at)Ep(ut,ot)


log

p(ut|ot, Ct, at)

p(ut|Ct, at)

�

= Ep(Ct,at)Ep(ut,ot)


log

p(ut|ot, Ct, at)q(ut|Ct, at)

q(ut|Ct, at)p(ut|Ct, at)

�

= Ep(Ct,at)Ep(ut,ot)


log

p(ut|Ct, at, ot)

q(ut|Ct, at)

�

� KL (p(ut|Ct, at)kq(ut|Ct, at))

 Ep(Ct,at)Ep(ot) [KL (p(ut|Ct, at, ot, )kq(ut|Ct, at))]
(11)

When the prior distribution approaches the posterior distri-
bution, we have KL (p✓(ut | Ct, at, ot)kq✓(ut | Ct, at)) ⇡

KL (p✓(ut | Ct, at)kq✓(ut | Ct, at, ot)), and this divergence
serves as a tight upper bound on mutual information. There-
fore, based on the above analysis, we can minimize the
following loss to extract scenario-relevant information into
world-model:

Ls = ED [KL (p✓(ut | Ct, at)kq✓(ut | Ct, at, ot))] (12)

3.3 Meta-Value Regularization

In the multi-scenario setting, the vast state space makes it
challenging for the world-model to achieve accurate pre-
dictions universally. To address this issue, we let the world
model focus primarily on regions involved in value function
updates, which enhances the precision of value estimation
and thereby improves policy performance.
To this end, we propose the meta-value regularization

mechanism to align world-model optimization with pol-
icy learning. Specifically, we define the meta-value v (s̃t),
which refers to the shared value extracted from latent states
s̃t across various scenario distributions. We optimize v (s̃t)
via the following loss function:

Lvalue = ET i⇠p(T )

h
kv i(s̃t)� v (s̃t)k

2
i
, (13)

where v i(s̃t) represents the value function for a specific
scenario T

i and s̃t = {ut, dt, ht}. We update v i based on
the following Bellman equation:

Lvaluei = ET i⇠p(T )

h
kv i(s̃t)� (rt + �v i(s̃t+1))k

2
i
.

(14)
Further, we update the world-model based on the learned

meta-value v (s̃t):

Lv = ET i⇠p(T )

h���v (s̃t+1)� T̂✓(ŝt+1|s̃t, at)v (ŝt+1)
���
i
,

(15)
where ŝt+1 represents the latent state predicted by the world-
model T̂✓.

3.4 Implementation Details

Based on the analysis in Section 3.1, 3.2, 3.3, the total loss
function of MrCoM is defined as follows:

LMrCoM = �varLvar + �sLs + �vLv. (16)

where �var, �s, �v are hyperparameters that balance the
weights of the loss terms.
The overall procedure of the algorithm comprises two

phases: world-model training and scenario adaptation. In the
training phase, we collect data across diverse scenarios us-
ing the behavioral policy ⇡�i , followed by training the world
model according to Equation 16. During scenario adapta-
tion, given target scenario T target, we perform rollouts based
on the trained world model T̂✓ to augment the dataset, which
is then used to train a standard RL algorithm. The detailed
algorithmic procedure and hyperparameters are provided in
Appendix A and Appendix D.

4 Theoretical Analysis

This section establishes the theoretical foundation of Mr-
CoM’s framework and provides insights into the proposed
objective. Firstly, we introduce the following assumption:
Assumption 2 (Dynamics Homogeneity). For states from
different scenarios that map to the same state s̃t 2 eS , their
state transition probabilities under the same action are iden-
tical. This is represented as:

if f
?(oit) = f

?(ojt ) = s̃t, 8o
i
t 2 O

i
, 8o

j
t 2 O

j
,

then T
i(sit, at) = T

j(sjt , at), 8at 2 A.

(17)

Under the Assumption 1 and 2, it can be inferred that there
exists a shared latent transition function eT across scenarios,
defined on the latent space eS:

eT (s̃0 | s̃, a) = T
i(s0 | s, a)

8T
i
⇠ p(T ), s 2 S

i
, a 2 A

i
, 9 eT : eS ⇥A ! eS,

(18)

where T
i is the true transition function on the scenario i.

Then, we define the dynamic error as follows:

max
i

ET i⇠p(T )DTV

⇣
eT (s̃0 | s̃, a) kT i (s0|s, a)

⌘
 ✏T

(19)
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Next, we define the state representation error as follows:

max
i

ET i⇠p(T ) |f(o)� s̃|  ✏S , (20)

where f is the representation function and s̃ is the ture latent
state. Based on the above definitions, we first consider the
dynamics model error bound under the state representation:
Lemma 3. Given the state representation error ✏S and dy-
namics model error ✏T , the upper bound of the dynamics
error under the state representation is:

DTV

⇣
eT (f(o0) | f(o), a) kT i (s0 | s, a)

⌘
 ✏T + CT · ✏S .

(21)
Here, CT = maxs rs

P
a T (s

0
| s, a) denotes the maxi-

mum derivative of the dynamics function concerning s, rep-
resenting the sensitivity of state changes to the state transi-
tion function.

Proof. Please refer to Appendix B.1 for the detailed proof.

Then, we derive the policy difference bound under state
representation as follows:
Lemma 4. Given policy difference in the state space
maxs DTV (⇡1(a | s)k⇡2(a | s))  ✏⇡ , the upper bound of
the policy difference under the state representation error ✏S
is:

DTV (⇡1(a | f(o))k⇡2(a | s))  ✏⇡ +
1

2
C⇡ · ✏S (22)

Here, C⇡ = maxs rs
P

a ⇡1(a|s) represents the maximum
sensitivity of the policy function to state variations.

Proof. Please refer to Appendix B.2 for the detailed proof.

Next, we consider the upper bound of the performance
difference under two distinct dynamics and policies as fol-
lows:
Lemma 5. Given dynamics model error ✏T , the policy dif-
ference ✏⇡ and the maximum rewardR, the performance dif-
ference has the following upper bound:

��G1(⇡1)�G
2(⇡2)

��  2R� (✏⇡ + ✏T )

(1� �)2
+

2R✏⇡

1� �
(23)

Here, G1(⇡1) denotes the performance of ⇡1 under dynam-
ics T

1, and G
2(⇡2) denotes the performance of ⇡2 under

dynamics T 2.

Proof. Please refer to Appendix B.3 for the detailed proof.

Let eGi(⇡) denote the performance of ⇡(f(o)) under the
dynamics eT i(f(o), a). Let eG✓(⇡) denote the performance
under the learned world-model eT✓. By combining Lemma 3
and Lemma 4 with Lemma 5, we can derive the generaliza-
tion error bound in the Meta-POMDP setting:

Theorem 6. Given dynamics model error ✏T , policy differ-
ence ✏⇡ , and the state representation error ✏S , the upper
bound of the generalization error on the Meta-POMDP is:
��� eGi(⇡)� eG✓(⇡)

��� 
R�[4✏⇡ + 2✏T + (C⇡ + 2CT )✏S ]

(1� �)2

+
2R(2✏⇡ + C⇡✏S)

1� �
.

(24)

Proof. Please refer to Appendix B.4 for the detailed proof.

From the above theory, the upper bound comprises three
primary error sources: dynamics model error ✏T , state rep-
resentation error ✏S , and policy difference ✏⇡ . We find that
these three errors contribute linearly to the generalization
error bound of the model. In MrCoM, we minimize the dy-
namics error through latent state factorization, reduce the
representation error via meta-state regularization, and mit-
igate the policy error by meta-value regularization. By in-
tegrating these three components, we effectively reduce the
generalization error of MrCoM on Meta-POMDPs.

5 Experiments

We design our experiments to answer the following ques-
tions: (Q1) How does MrCoM perform in the multi-scenario
setting? (Q2) How does MrCoM perform when the dynam-
ics function changes? (Q3) How doesMrCoM performwhen
the observation space changes? (Q4) What is the contribu-
tion of each proposed technique in MrCoM?

5.1 Setup

Domains. We evaluate our method and baselines on the
DMControl scenarios (Tassa et al. 2018; Todorov, Erez, and
Tassa 2012). Specifically, we select three scenarios on DM-
Control: hopper, walker, and cheetah. To change dynam-
ics T , we modify the environment parameters by uniformly
sampling the torso length and size within an interval of ↵%
around their default values. To change reward r, we adjust
the agent’s target speed as follows. Let vmax represent the
fastest speed of the agent under default dynamics settings.
The scenario objective vi is uniformly sampled from the in-
terval [0,�% · vmax].

Multi-scenario. In our experiments, we train world-model
capable of generalizing across diverse scenarios. Specifi-
cally, we merge data from Hopper, Walker and Cheetah
to train the world-model. Then, we select one scenario
(e.g., Hopper) for scenario adaptation. We conduct both
in-distribution and out-of-distribution evaluations, with de-
tailed specifications provided in the section 5.2.

Baselines. To validate the effectiveness of our method,
we choose the following state-of-the-art algorithms as
baselines: DreamerV3 (Hafner et al. 2023) features
a context-augmented RSSM architecture, demonstrating
strong cross-domain adaptability within a unified frame-
work. MAMBA (Rimon et al. 2024) extends DreamerV3 to
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(a) Train ↵ = 5,� = 20, Evaluate ↵ = 5,� = 20 (b) Train ↵ = 5,� = 20, Evaluate ↵ = 10,� = 50

MAMBA DreamerV3 CaDM Ours MAMBA DreamerV3 CaDM Ours

Hopper 43.1±12.7 52.3±12.6 41.4±18.5 57.7±14.2 35.1±18.2 43.3±11.2 38.8±13.9 52.0±9.9

Walker 47.1±6.8 56.7±12.0 55.2±15.8 60.8±7.4 29.4±12.5 37.5±11.1 49.7±8.2 53.2±8.7

Cheetah 52.3±12.5 53.7±17.4 47.1±13.2 48.6±12.7 49.5±14.0 43.2±13.1 42.7±13.1 45.2±13.9

(c) Train ↵ = 10,� = 50, Evaluate ↵ = 10,� = 50 (d) Train ↵ = 10,� = 50, Evaluate ↵ = 20,� = 100

MAMBA DreamerV3 CaDM Ours MAMBA DreamerV3 CaDM Ours

Hopper 38.3±15.2 42.1±11.6 42.1±13.1 52.1±12.2 21.3±15.6 36.6±25.2 21.2±11.3 48.1±13.8

Walker 29.3±18.6 38.2±8.9 29.6±14.9 40.1±13.1 16.5±21.2 30.0±11.9 26.1±16.2 47.5±10.3

Cheetah 28.7±13.1 40.1±16.2 37.1±10.8 45.8±9.6 27.4±11.6 41.7±21.3 41.2±18.6 44.7±11.2

Table 1: Experimental results on the multi-scenarios setting with various dynamics T and reward function r. The results on the
left (a) and (c) are for the in-distribution setting, while the results on the right (b) and (d) are for the out-of-distribution setting.
We adopt the normalized return metric with five random seeds.

(a) Train ↵ = 5, Evaluate ↵ = 5 (b) Train ↵ = 5, Evaluate ↵ = 10

MAMBA DreamerV3 CaDM Ours MAMBA DreamerV3 CaDM Ours

Hopper 46.2±14.3 62.1±9.1 64.2±15.4 67.2±13.1 31.2±16.5 49.7±12.5 60.2±11.2 58.1±12.1
Walker 52.4±11.2 59.1±13.1 52.6±9.7 62.3±10.2 42.0±18.8 35.6±13.0 48.2±6.9 59.0±11.0

Cheetah 53.0±10.8 48.2±11.3 51.2±11.3 56.8±9.2 51.1±12.3 45.1±16.2 46.3±12.6 49.9±15.6

(c) Train ↵ = 10, Evaluate ↵ = 10 (d) Train ↵ = 10, Evaluate ↵ = 20

MAMBA DreamerV3 CaDM Ours MAMBA DreamerV3 CaDM Ours

Hopper 51.5±12.8 52.6±9.1 61.6±13.5 62.0±11.6 39.7±12.6 49.8±15.2 43.8±10.8 47.5±13.2
Walker 47.3±14.0 57.8±14.3 50.7±16.0 61.3±8.7 38.1±13.7 44.8±10.9 40.7±12.7 49.7±15.2

Cheetah 61.2±11.6 52.9±16.4 48.3±13.8 60.7±13.1 45.2±14.0 50.1±12.9 47.7±13.8 48.0±16.8

Table 2: Experimental results on the multi-scenarios setting with various dynamics function T . The results on the left (a) and
(c) are for the in-distribution setting, while the results on the right (b) and (d) are for the out-of-distribution setting. We adopt
the normalized return metric with five random seeds.

meta-RL through trajectory sampling strategies and an adap-
tive horizon scheduling mechanism. CaDM (Lee et al. 2020)
utilizes contextual trajectory data to construct bidirectional
dynamics models, enabling effective generalization across
diverse dynamical systems.

5.2 Main Results

Answer for question 1. In this setting, we train and evalu-
ate algorithms in multi-scenarios by merging data fromHop-
per, Walker and Cheetah. In addition, we divide the test sce-
narios into in-distribution and out-of-distribution. For the
in-distribution setting, the distributions of the training sce-
nario set match those of the test scenarios (e.g., Train (↵ =
5,� = 20), Evaluate (↵ = 5,� = 20)). For the out-of-
distribution setting, the test scenario’s distributions exceed
those of the training set (e.g., Train (↵ = 5,� = 20), Eval-
uate (↵ = 10,� = 50)).

By comparing the experimental results (a) and (c) in Ta-
ble 1, we find that both MrCoM and CaDM are more adapt-
able to dynamic changes in meta-scenarios. MrCoM demon-
strates the more significant performance advantage and gen-
eralization capability over other algorithms as the range of

meta-scenarios expands. In addition, the comparison be-
tween in-distribution and out-of-distribution experimental
results shows that all algorithms have a performance decline
when the test distribution exceeds the training distribution.
We find MAMBA shows the most significant drop, which is
attributed to the fact that the meta-scenarios do not conform
to its assumption of decomposable scenario distributions. In
contrast, our algorithm shows a smaller decline and achieves
optimal results in 11 out of 12 cases.

Answer for question 2. We fix the training scenario ob-
jective by setting the target speed to 50% · vmax. Then, we
change the dynamics function by randomly sampling pa-
rameters ↵. Like the Answer for question 1, we train al-
gorithms on the multi-scenarios and divide the experiments
into in-distribution and out-of-distribution settings. The ex-
perimental results in Table 2 show out-of-distribution condi-
tions result in a performance decline for all methods, but Mr-
CoM shows a smaller decrease, indicating stronger adapt-
ability to out-of-distribution scenarios. Out of 6 results, our
method achieved the best performance in 5 cases, demon-
strating that MrCoM provides optimal generalization perfor-
mance concerning dynamics.
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Figure 3: Module ablation studies on various scenarios with five random seeds.

Answer for question 3. In this setting, we evaluate al-
gorithms under various observation functions O

i by con-
ducting the following modifications: Add-G: Adds Gaus-
sian noise to each dimension of the original observation.
Add-D: Introduces additional noise information, equivalent
to 10% of the original dimensions, into the observation.
Msk-R: Randomly masks 10% of the observation values
in the original observation. Msk-F: Masks a fixed 10% of
the observation values in the original observation across spe-
cific dimensions. The experimental results in Table 3 show
that our algorithm achieved the best results in 8 out of 12
cases across various observation functions. Particularly in
the Add-G setting, the MrCoM method demonstrates sig-
nificant advantages.

5.3 Ablation Study

This experiment primarily examines the impact of vari-
ous modules of our method on the final performance and
validates their implementation’s effectiveness on the over-
all model. Our experiments are divided into the following
groups: (1) w/o d: Without constructing the deterministic
state d, using only the stochastic states u, h. (2) w/oC: With-
out using context and prompt scenario information during
state prediction. (3) w/o Ls: Without the meta-state regu-
larization loss. (4) w/o Lv: Without constructing the meta-
value and using meta-value regularization during learning
the dynamics model.
The experimental settings also incorporate the aforemen-

tioned different configurations to compare each compo-
nent’s impact comprehensively. The experimental results in
Figure 3 show that w/o C has the most significant impact
in the multi-scenario setting. The absence of d consider-
ably affects temporal information, thus significantly impact-
ing dynamics changes. Overall, it can be seen that the com-
plete MrCoM consistently achieves optimal performance
across different settings.

6 Related Works

Model-based RL offers an effective methods to enhance
sampling efficiency (Nagabandi et al. 2018). Dyna (Sut-
ton 1991) uses data generated from model-based predictions
for data augmentation in agent trajectories. Muzero (Schrit-
twieser et al. 2020), on the other hand, employs Monte Carlo
Tree Search (Coulom 2006) based on its model, enabling

the identification of superior strategies with fewer interac-
tions with the environment. However, previous model-based
methods often focus on generalization concerning changes
in dynamics (Lee et al. 2020) or adapting to diverse reward
functions (Rimon et al. 2024; Kidambi et al. 2020), without
addressing the issue of unified modeling across different sce-
narios. Additionally, there is an increasing focus on resolv-
ing the challenge of learning models that align to acquire an
effective policy (Lambert et al. 2020). This can be primarily
categorized into two approaches: value-aware (Abachi 2020;
Wang et al. 2023) and policy-aware (Grimm et al. 2021;
Voelcker et al. 2022; Voloshin, Jiang, and Yue 2021). How-
ever, these methods often make world models more task-
specific, thereby losing the ability to generalize across sce-
narios.

Meta RL enables agents to learn from related tasks and
then adapt to new tasks with minimal interaction data. Most
meta-RL algorithms adhere to a model-free paradigm, sub-
divided into optimization-based and context-based method-
ologies. MAML (Finn, Abbeel, and Levine 2017) and
PrOMP (Rothfuss et al. 2018), exemplifying optimization-
based meta-RL, update policies based on gradients de-
rived from training tasks. Context-based meta-RL, repre-
sented by RL2 (Duan et al. 2016), suggests conditioning
policies on hidden states extracted from task trajectories.
PEARL (Rakelly et al. 2019) distinguishes task inference
from action selection, facilitating explicit task representa-
tions. Unlike that, in this paper, we hope to learn a world
model that can be generalized across multiple scenarios.

7 Conclusion

In this paper, we aim to improve the generalization ability
of the world-model across multi-scenarios. To address this
issue, we propose MrCoM, a unified world-model capable
of generalizing across different scenarios. Specifically, Mr-
CoM adopts meta-state regularization to extract unified rep-
resentation of scenario-relevant information, and meta-value
regularization to align world-model optimization with policy
learning across diverse scenario objectives. We theoretically
analyze the upper bound of the world-model’s generalization
error. We conduct extensive experiments using the MuJoCo-
based physics engine. The experimental results show that the
learned world-model achieves strong generalization ability
across multi-scenarios.
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