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Abstract
We propose DRAGO, a novel approach for contin-
ual model-based reinforcement learning aimed at
improving the incremental development of world
models across a sequence of tasks that differ in
their reward functions but not the state space or dy-
namics. DRAGO comprises two key components:
Synthetic Experience Rehearsal, which leverages
generative models to create synthetic experiences
from past tasks, allowing the agent to reinforce
previously learned dynamics without storing data,
and Regaining Memories Through Exploration,
which introduces an intrinsic reward mechanism
to guide the agent toward revisiting relevant states
from prior tasks. Together, these components
enable the agent to maintain a comprehensive
and continually developing world model, facil-
itating more effective learning and adaptation
across diverse environments. Empirical evalua-
tions demonstrate that DRAGO is able to preserve
knowledge across tasks, achieving superior per-
formance in various continual learning scenarios.

1. Introduction
Model-based Reinforcement Learning (MBRL) aims to en-
hance decision-making by developing a world model that
captures the underlying dynamics of the environment. A
robust world model allows an agent to predict future states,
plan actions, and adapt to new situations with minimal real-
world trial and error. For MBRL to be effective in dynamic,
real-world applications, the world model must incrementally
learn and adapt, continually integrating new information as
the agent encounters diverse environments and tasks.

Imagine an agent initially exploring a small, confined part
of a complex world, like a home-assistance robot learning
to navigate a kitchen. At first, the robot masters dynamics
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specific to that environment, such as avoiding countertops
and maneuvering around chairs. When deployed to a new
household, it must adapt to unfamiliar layouts while retain-
ing its understanding of prior environments. Over time, as
the robot encounters diverse settings—homes with vary-
ing furniture arrangements, hospitals with strict privacy
constraints, or factories with evolving machinery—it must
incrementally integrate new dynamics without forgetting
earlier knowledge. This process aligns with the principles of
continual learning, where agents progressively acquire new
skills across tasks while preserving past experiences (Lange
et al., 2022). However, real-world constraints often pro-
hibit storing raw interaction data from prior tasks due to:
1. Storage limitations: Robots or embodied agents cannot
indefinitely retain growing datasets (Hadsell et al., 2020). 2.
Privacy regulations: Healthcare or service robots handling
sensitive data may be restricted from archiving task-specific
interactions (Kemker et al., 2018). 3. On-device deploy-
ment: Deployed AI systems (e.g., smartphones) often rely
on pre-trained models where the original training data is
proprietary or privacy-sensitive.

In principle, continual MBRL would enable agents to learn
a generalizable world model supporting a universal set of
tasks. If data from all previous tasks are available, multi-
task learning strategies (Fu et al., 2022) could solve this
by leveraging shared dynamics. However, in storage- or
privacy-constrained settings, agents lack access to prior
task data, rendering such approaches infeasible. In practice,
we actually always have bounded storage. If we consider
the hardest case, where no previous data is available: as
shown in Figure 1 and our experiments, naive MBRL suf-
fers catastrophic forgetting, overwriting critical dynamics
(e.g., a robot forgetting kitchen layouts after learning living
rooms). To address this, we need strategies that retain essen-
tial knowledge without storing past data, enabling agents to
build increasingly complete world models across tasks.

Specifically, we propose DRAGO, a novel continual MBRL
approach designed to address catastrophic forgetting and
incomplete world models in the absence of prior task data.
DRAGO consists of two key components: Synthetic Expe-
rience Rehearsal and Regaining Memories Through Explo-
ration. Synthetic Experience Rehearsal uses a continually
learned generative model to enable the agent to simulate
and learn from synthetic experiences that resemble those
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Figure 1. Comparison between the world model learned by naive continual MBRL and MBRL without forgetting. Each task requires the
agent to move from the corner of one room to a specific point in the same room. Shaded areas represent the world model’s coverage
after finishing each task. Naively continually training MBRL (Left) tends to suffer the catastrophic forgetting problem—the agent forgets
almost everything about the first room after training in the second room (our experimental results support this claim). Our project identifies
a method (Right) that helps the world model preserve the knowledge of previous tasks even when the old data is no longer available.

from prior tasks. This process allows the agent to synthesize
representative transitions that resemble prior experience,
reinforcing its understanding of previously learned dynam-
ics without requiring access to past data. In the Regaining
Memories Through Exploration component, we introduce
an intrinsic reward mechanism that encourages the agent to
actively explore states where the previous transition model
performs well. This exploration bridges the gap between
tasks by discovering connections within the environment,
leading to a more comprehensive and cohesive world model.
To sum up, we make the following contributions:

1. We introduce DRAGO, a new approach for contin-
ual model-based reinforcement learning that addresses
catastrophic forgetting while incrementally learning a
world model across sequential tasks without retaining
any past data.

2. We propose a generative replay mechanism that synthe-
sizes “old” transitions using a learned generative model
alongside a frozen copy of the previously trained world
model.

3. We design an intrinsic reward signal that nudges the
agent toward revisiting states that the old model ex-
plained well—effectively “reconnecting” current expe-
riences with previously learned transitions.

4. Through experiments on MiniGrid and DeepMind Con-
trol Suite domains, we show that DRAGO substan-
tially improves knowledge retention compared to stan-
dard continual MBRL baselines and achieves higher
transfer performance, allowing faster adaptation to en-
tirely new (but related) tasks. Code is available at
https://github.com/YixiangSun/drago.

2. Background
In reinforcement learning, an agent interacts with an envi-
ronment modeled as a Markov Decision Process (MDP). An
MDP is defined by a tuple < S;A; T; r; 
 >, where S is
the state space,A is the action space, T (s0 j s; a) represents
the transition dynamics, r(s; a) is the reward function, and

 2 [0; 1) denotes the discount factor. Throughout this
paper, T is the parametric transition model (the learned dy-
namics predictor) and p denotes a probability or distribution.

In continual model-based reinforcement learning, the agent
is presented with a sequence of tasks T1; T2; : : : ; Tn. We as-
sume the agent knows when the task switches. Each task Ti
is associated with its own MDP,Mi = (S;A; T; ri; �i; 
),
where ri(s; a) is the task-specific reward function, and �i(s)
denotes the initial state distribution for task Ti. Importantly,
all tasks share the same transition function T (s0 j s; a),
which defines the probability of reaching state s0 2 S from
state s 2 S after taking action a 2 A. In this paper, we
consider the case where, in each task, the agent tends to be
exposed to distinct aspects of the transition dynamics and
different termination states.

The objective in continual MBRL is to efficiently solve the
sequence of tasks, while learning a world model T (s0 j
s; a), parameterized by  , that captures the shared dynamics
across all tasks, allowing the agent to adapt to the task-
specific objectives defined by ri and �i. A challenge arises
because, during training on a new task Ti, the agent in our
setting only has access to the replay buffer Bi = f(s; a; s0)g.
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3. DRAGO
The central question in this paper is: how do we aggregate
the knowledge from previous tasks and learn a increasingly
complete world model without forgetting, while trying to
solve a sequence of tasks using MBRL? As shown in pre-
vious works (Fu et al., 2022), the agent can easily learn
a general world model in a multitask/meta-learning way
as long as the access to previous tasks’ memories is given.
Thus, a straightforward way is to figure out an approach that
is able to regain the old memories that had to be discarded.
We propose DRAGO, a continual MBRL approach is com-
posed of two main components: dreaming and rehearsing
old memories while training on new tasks (§3.1), and re-
gaining memories via actively exploration (§3.2). Then we
introduce the overall algorithm in §3.3.

3.1. Synthetic Experience Rehearsal

To help the agent retain knowledge from previous tasks with-
out direct access to past data, we introduce a method called
Synthetic Experience Rehearsal. This approach enables the
agent to internally generate and learn from synthetic ex-
periences that resemble those from prior tasks, effectively
reinforcing its understanding of the environment’s dynamics
and mitigating catastrophic forgetting.

The concept of Synthetic Experience Rehearsal draws inspi-
ration from how humans and animals replay and consolidate
memories during sleep (Wilson & McNaughton, 1994). Just
as dreaming allows for the consolidation of memories and
learning in biological systems, our method helps the agent
retain and reinforce knowledge of previous dynamics by
generating and learning from synthetic experiences. Imag-
ine a robot that has navigated through several rooms in a
building. As it progresses to new rooms, it may begin to for-
get the layouts and navigation strategies of earlier ones due
to limited memory capacity and the inability to revisit those
rooms. By internally generating and rehearsing synthetic
experiences that mimic its interactions in earlier rooms, the
robot can maintain and reinforce its knowledge of how to
navigate them. This internal rehearsal helps it integrate past
experiences with new ones, ensuring a more comprehensive
understanding of the entire environment.

Our method leverages a generative model (which is also
continually learned) to produce synthetic data that aids in
training the dynamics model, thereby preventing forgetting
of previously learned dynamics. Note that for real-world
tasks, retaining the model (neural nets) usually costs
much less than retaining all the training transitions, es-
pecially when the task number grows larger and larger.

Specifically, we employ a generative model G that encodes
and decodes both states and actions, capturing the joint dis-
tribution of state-action pairs encountered in previous tasks.

Including actions is crucial, especially in continuous action
spaces where randomly sampled actions may not correspond
to meaningful behaviors. Throughout the continual learning
process, we also keep one copy of the old world model
learned after finishing the last task (one for all previous
tasks, not one for each). Then after generating the state-
action pair, we feed it into this frozen old model Told and
generate a synthetic next state. The synthetic data used for
training the model is generated through the following steps:

ŝ0 = Told(ŝ, â), (ŝ, â) � pG(s, a; θ), (1)

where pG(s; a; �) is the distribution modeled by the gener-
ative model G� with parameters �. Told is the frozen old
world model, capturing the dynamics up to a previous task.

We can express the likelihood of the entire dataset, including
both real data Di for current task Ti and synthetic data D̂,
given the parameters  and �, as follows:

p(Di, D̂ j ψ, θ) =Y
(s,a,s0)2Di

p(s0 j s, a;ψ)
Y

(ŝ,â,ŝ0)2D̂

pG(ŝ, â; θ)p(ŝ0 j ŝ, â;ψ),

(2)
where p(s0 j s; a; ) is the likelihood of observing s0 given
s and a under the transition model T , pG(ŝ; â; �) is the
likelihood of generating synthetic state-action pairs from
the generative model G�. This joint likelihood captures the
dependencies of the synthetic data on both the generative
model parameters � and the frozen transition model Told.

The posterior distribution over the transition model param-
eters  and the generative model parameters � is given by
Bayes’ theorem:

p(ψ, θ j Di, D̂) / p(Di, D̂ j ψ, θ) p(ψ) p(θ), (3)

where p( ) and p(�) are the prior distributions over the
parameters.

Taking the negative logarithm of the posterior (and ignoring
constants independent of  and �), we obtain the joint loss
function:

Ltotal(ψ, θ) = � log p(Di, D̂ j ψ, θ)� log p(ψ)� log p(θ)

= � log p(ψ)� log p(θ)�
X

(s,a,s0)2Di

log p(s0 j s, a;ψ)

| {z }
Loss on current task data

�
X
(ŝ,â)

log pG(ŝ, â; θ)�
X
(ŝ,â)

log p(ŝ0 j ŝ, â;ψ)

| {z }
Synthetic data likelihood

.

(4)
The dynamics model is trained by minimizing the prediction
loss over the combined dataset:

Ldyn( ) = E(s;a;s0)�Di

h
ks0 � Ti(s; a; )k2

i
+�E(ŝ;â)�pG(s;a;�)

h
kTold(ŝ; â)� Ti(ŝ; â; )k2

i
;

(5)
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where � is a weighting factor controlling the importance of
the synthetic data loss. While this enables the agent to learn
from synthetic old experience, the generative model itself
(minimizing �

P
log pG(ŝ; â; �) in Eqn 4) also requires

accumulating the knowledge of different tasks as the training
goes on. Retaining such a generative model for every task
will also introduces huge additional cost.

Continual learning for the generative model. To prevent
forgetting within the generative model itself, we adopt a
continual training strategy. We generate synthetic state-
action pairs using the previous generative model Gi�1:

(~s; ~a) = Gi�1(~z); ~z � p(z);

and combine these with real data from the current task to
form the training dataset for the new generative model:
Dgen = Di [ ~D, where ~D = f(~s; ~a)g. The new gen-
erative model Gi — we use Variational AutoEncoder
(VAE) (Kingma & Welling, 2014) — is then trained by
minimizing the loss over Dgen:

Lgen(θi) =E(s,a)�Dgen

h
� Ez�q�i

(zjs,a) [log pθi(s, a j z)]

+ KL (qθi(z j s, a) k p(z))
i
.

(6)

This continual learning procedure ensures that the genera-
tive model retains its ability to produce state-action pairs
representative of all previous tasks.

Our method is general and can be applied with other types
of generative models. Additionally, integrating more sophis-
ticated generative models, such as diffusion models, could
further enhance the quality of synthetic experiences and
improve knowledge retention in high-dimensional environ-
ments. We leave this for future work.

3.2. Regaining Memories Through Exploration

While generating synthetic data via a generative model helps
mitigate forgetting, it may not fully capture the richness of
real experiences and it is subject to model error. In the
meantime, to eventually build a complete world model, we
would like to find a way that can “connect” knowledge
gained from different tasks if they are disjoint. Thus,
to further enhance the agent’s retention of prior knowledge
and make the world model more complete, we propose an
intrinsic reward mechanism that encourages the agent to
actively explore states where the previous transition model
performs well, effectively “regaining” forgotten memories
through real interaction with the environment, and fill in the
gap between knowledge of different tasks.

Our approach is inspired by the need to complement the
generation-based rehearsal method with actual exploration
that bridges the gap between different tasks. The generative
model can produce states from prior tasks, but these imag-
ined states might not be naturally encountered or connected

within the current task. Consider the earlier example of
a robot exploring different rooms within a building. The
method introduced in the last section can generate imagined
states from previously visited rooms, but without actual ex-
ploration, the robot might not find the doorways or corridors
connecting these rooms to its current location. Our intrinsic
reward incentivizes the robot to search for these connections,
enabling it to discover pathways that link the new room to
the old ones. Without exploring the actual environment to
find these connections, the agent’s world model remains
fragmented, lacking a cohesive understanding of how differ-
ent regions relate. To overcome this, we propose an intrinsic
reward that guides the agent to:

• Revisit Familiar States: Encourage exploration of
states where the previous model Ti�1 predicts accu-
rately, indicating familiarity from earlier tasks.

• Discover New Connections: Incentivize the agent to
find paths that connect current and previous task envi-
ronments, enriching the world model’s completeness.

• Balance Learning Dynamics: Deter the agent from
spending excessive time in regions where the current
model Ti already performs well.

Specifically, during training on task Ti, we introduce an
intrinsic reward ricont designed to guide the agent towards
states that are familiar to the previous transition model Ti�1

(trained and froze after task Ti�1) but less familiar to the
current model Ti. The intrinsic reward is defined as:

ricont(st; at; st+1) := � (� log jTi�1(st; at)� st+1j)
� � � � (� log jTi(st; at)� st+1j) ;

(7)

where � denotes the sigmoid function, and � is a weighting
coefficient that balances the two terms.

Intuitively the first term assigns higher rewards when the
previous transition model Ti�1 predicts the next state st+1

accurately. This incentivizes the agent to revisit states that
were well-understood in previous tasks. The second term
penalizes the agent for visiting states where the current
model Ti already has low prediction error. This encourages
the agent to explore less familiar areas to improve the current
model’s understanding.

By actively exploring and connecting different regions, the
agent’s world model becomes more comprehensive, captur-
ing the dynamics across tasks more effectively. Revisiting
familiar states reinforces prior knowledge, reducing the ten-
dency of the model to forget previously learned information.
This approach complements the synthetic data generation in
Section 3.1 by providing actual experience that reinforces
the agent’s knowledge.
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Figure 2.The two-step process of how DRAGO retain and aggregate the knowledge learned from prior tasks for the world model. Step
1 involvesSynthetic Experience Rehearsal, where synthetic state-action pairs are generated from the previous tasks' generative model
Gi � 1(z), and next stateŝs0 are predicted using the previous transition modelTi � 1 . Step 2 introducesRegaining Memories through
Exploration, where an intrinsic rewardr i

cont encourages the agent to explore states where the previous transition modelTi � 1 performs
well, while penalizing states that the current modelTi already predicts accurately. Together, these components allow the agent to retain
and transfer knowledge across tasks.

3.3. Overall Algorithm

We implement DRAGO on top of TDMPC (Hansen et al.,
2022) and the overall algorithm is described in Algorithm 1.
Compared to regular TDMPC algorithm, we additionally
train an encoder and decoder for the state-action pair as part
of the generative model in§3.1. To integrate the intrinsic
reward for regaining memories proposed in§3.2, we train
an additional reward model, value model, and policy as a
“reviewer” that aims to maximize the cumulative intrinsic
reward, besides the original “learner” that aims to maximize
the cumulative environmental reward. Note that the reviewer
and the learner share the same world model, which is also
trained using data from both.

During the inference step, DRAGO leverages Model Pre-
dictive Path Integral (Williams et al., 2015) as the planning
method. Given an initial state and taskTi , DRAGO samples
N trajectories with the world modelTi and estimates the
total returnJ � of each sampled trajectory� as:

J � := E� [
H � 1X

t =0


 t Rs t ;a t + 
 H Q(sH ; aH )]; st +1 � Ti (st ; at ;  );

(8)
whereQ(�) is the learned value function. Then a trajectory
with the highest return is picked and the agent will execute
the �rst action in the trajectory.

During training, the dynamics model and the generative
model are trained together with the reward&value predic-
tion of the learner and reviewer. At the beginning of each
new task,for each new test task, we randomly initial-
ize the reward, policy and value models and reuse only
the world model (dynamics).. Moreover, unlike TDMPC,
the gradients from updating Q function and reward model
are detached for updating the dynamics model in DRAGO.
More implementation details can be found in the appendix.

Figure 3.Visualization of the evaluated domains. Task names in
Blue denote the continualtraining tasks; Task names in Red
denote thetest tasks. We train and test all the tasks in the order of
left to right as in the �gure. E.g., we train the cheetah agent in the
order of run, jump and backward. And after training on jump, we
test on jump2run and jump&run.

4. Experiments

We evaluated DRAGO on three continual learning domains.
For each domain, we let the agent train on a sequence of
tasks, where the tasks share the same transition dynamics
but different reward functions. Although the transition dy-
namics are the same, the training tasks are designed in a way
such that to solve each task only part of the state space's
transition dynamics needs to be learned and different tasks
involve learning transition dynamics corresponding to dif-
ferent parts of the state spacewith a small overlap. We
evaluate the agent's continual learning performance on test
tasks by measuring the agent's training performance on
them, using the retained world model as an initiation. The
test tasks requires the combination of knowledge from more
than one previously learned tasks. For example, to better
transfer onCheetah jump2runthe agent is expected to still
remember the knowledge learned inCheetah runeven after
continual training onCheetah jump. These transfer tasks
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are designed to test the agent's ability to retain knowledge
from previous tasks, as solving them requires understanding
multiple tasks.

MiniGrid. We evaluated the performance of DRAGO in
the MiniGrid (Chevalier-Boisvert et al., 2023) domain using
a sequence of four tasks, each set in one of the four rooms
of a27� 27gridworld. In each task, the agent starts from
a �xed corner of one room, with the objective of reaching
a speci�ed goal position within that room. The obstacles
vary across tasks and the agent can only access other rooms
by passing through a door located at the center of the grid-
world, which creates a bottleneck that the agent must learn
to navigate effectively in transfer tasks. Each task requires
exploring a small and mostly non-overlapping portion of
the world, ensuring that knowledge from one task does not
directly overlap with others. To assess transfer performance,
we evaluated the models learned at different stages of the
continual learning process (i.e., after completing 2, 3, and
4 tasks). The evaluation was conducted on four new tasks
that require the agent to move between different rooms (e.g.,
start in room 1 and move to the goal position in room 2).
The tasks are designed such that solving them requires un-
derstanding multiple rooms.

Deepmind Control Suite. We also evaluated the perfor-
mance of DRAGO in the Cheetah and Walker domains from
the Deepmind Control Suite (Tassa et al., 2018). For each
domain, we de�ne a sequence of tasks that share the same
dynamics but with different task goals, which requires the
agent to learn different parts of the state space of dynamics.
Similarly, to assess transfer performance, we evaluated the
models learned at different stages of the continual learning
process. The evaluation was conducted on several new tasks
that require the agent to quickly change to different locomo-
tion modes from another mode (jump, run, etc.), except for
two tasks:jump and runforward& jump and runbackward,
where the agent will get the maximum reward if it runs
forward/backward and jumps at the same time.

We compared to baselines including: TrainingTDMPC
from scratch for each task,continual TDMPC, where we
initialize the world model with the one learned in the previ-
ous task at the beginning of the new task and train it with
the task reward, andEWC, a regularization-based contin-
ual learning method as we introduced in the related work
section. We use TDMPC as the base model-based reinforce-
ment learning (MBRL) algorithm for all the baselines. More
experimental results can be found in appendix E & D.

4.1. Qualitative Results

In Figure 4, we also visualize the prediction accuracy of
the learned world models across the whole gridworld, com-
paring just naively continually training TDMPC and our
method. The prediction score is calculated based on the

states predictions' mean square error (MSE). The results are
aligned with our intuition. Without other counter-forgetting
techniques, world models easily forget almost everything
learned in previous tasks and are only accurate in the transi-
tion space related to the current task. By contrast, DRAGO
is able to retain most of the knowledge learned in previ-
ous tasks and have a increasingly complete world model as
training continues, leading to the performance gain on new
tasks shown in Figure 5. Note that DRAGO's performance
withoutSynthetic Experience Rehearsal(so only has theRe-
gaining Memories Through ExplorationComponent) drops
a bit compared to the full version, but it still exhibits better
knowledge retention to some extent in post-task3 and post-
task4, compared to naive continual TDMPC. As we also
show in the ablation study, combining two components of
DRAGO eventually achieves the best overall performance.

4.2. Overall Performance

As shown in Figure 5, we �nd that the proposed method
DRAGO achieves the best overall performance compared to
all the other approaches across three domains. The results
demonstrate its advantage in continual learning settings by
effectively retaining knowledge from previous tasks and
transferring it to new ones. We can also see that naively
continual Model-based RL may suffer from severe plasticity
loss: Continual TDMPC constantly performs worse than
learning from scratch baseline. Equipped with EWC, it can
achieve better overall performance but still not as good as
DRAGO. But DRAGO does not fully alleviate the plasticity
loss, inCheetah Jump and runbackward(Last plot in the
mid row of Figure 5), learning from scratch still has the best
performance, but we can see that DRAGO still improves a
lot compared to Continual TDMPC.

4.3. Ablation Study

This section evaluates the essentiality of DRAGO's compo-
nents. Speci�cally, we evaluate DRAGO's performance
without Synthetic Experience Rehearsaland Regaining
Memories Through Exploration(reviewer) separately in four
transfer tasks of Cheetah and MiniGrid. As we show in Fig-
ure 7, whileDRAGO w/o. Rehearsalachieves similar perfor-
mance with the full version inCheetah-jumpandrunforward,
the full DRAGO still has the best overall performance across
domains. If we compare the performance with Contin-
ual TDMPC shown in Figure 5, one single component of
DRAGO consistently improves continual learning perfor-
mance. These results highlight the complementary roles
of both components and demonstrate that each contributes
signi�cantly to mitigating forgetting and enhancing transfer
capabilities in continual model-based RL settings.
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Figure 4.DRAGO reduces the catastrophic forgetting from previous tasks, illustrated bt the prediction score of the learned world
models across the entire gridworld after each task. Light color indicates higher prediction accuracy. The heatmaps compare the
performance of naive continual training of TDMPC (top row), DRAGO withoutSynthetic Experience Rehearsal(mid row), with our
proposed full DRAGO method (bottom row) after Tasks 1 to 4. The results show that continual MBRL suffers from signi�cant forgetting,
maintaining accuracy only in regions relevant to the current task, whereas DRAGO effectively retains knowledge from previous tasks.

Figure 5.We evaluate the continual learning transfer performance on 12 tasks (3 domains, 4 tasks each) that are not seen during the
agent's previous training. Each plot corresponds to a single test task, and the agent's performance is tracked as it learns that task from
scratch, using the retained world model. For each test task of MiniGrid, the agent starts in one room and have to move to the goal in
another room. E.g.,Transfer 3to4 after 4means that after sequentially training on four tasks, the agent is tested on a new task where it
starts in room 3 and the target position is in room 4. For each test task of Cheetah & Walker, the agent has to start from a state in one
locomotion mode and the goal is to switch to another mode. E.g.,Jump2runforward after Jumpmeans that after training on Cheetah-Jump,
the agent is tested on a new task where it starts in one state of the jumping mode, and the goal is to run forward.
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