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Abstract

Reinforcement Learning (RL) has demonstrated remark-
able success in solving single-task problems but continues
to face challenges in generalizing to multi-task settings in-
volving diverse tasks and embodiments. While world mod-
els provide a scalable approach by learning to simulate en-
vironment dynamics, they remain limited in handling Out-
of-Distribution (OOD) data effectively. To address this lim-
itation, we propose a novel approach: decomposing world
model dynamics into independent ”subdynamics.” in pre-
liminary tests, this method achieves significant gains in the
state-of-the-art in dynamics modeling across a range of
control tasks from the DeepMind Control Suite. Further-
more, we extend our exploration to video data by leverag-
ing the attention mechanism and hypothesize scaling this
method to the multi-task setting.

1. Introduction
World models have become a popular paradigm in the

world of reinforcement learning: world models can be used
to generate imaginary data where we can then train a policy
on this data. Another line of work focuses on the differ-
entiability of world models, where loss can be propagated
through the world model [2]. We can also combine opti-
mal control algorithms (e.g., model predictive control) with
learned world models to solve complex tasks [5].

The World Models Framework helps algorithms gener-
alize to out-of-distribution samples [1]. However, in the
current stage of robotics, we lack the quality and quantity
of data required to generalize between different tasks and
different robot embodiments. Concisely, the World Models
Framework suffers from two important issues:

1. Inability to generalize to out-of-distribution samples

2. Intractable optimization landscapes with contact-rich

and chaotic dynamics tasks [2]

Many of the current works that train a single well-
designed network to fit the entire environment dynamics
suffer from the aforementioned issues. In light of this, we
propose an alternative pathway to scale to the multi-task set-
ting: decomposing entire world model dynamics into sub-
dynamics. Anecdotally, this approach can be compared
to breaking down a complex dynamic system into several
independent subdynamic components, similar to how me-
chanical systems or control theory often isolate subsystems
to simplify modeling. We see this direction as valuable
to both the reinfocement learning and generative modeling
community since advances will help solve World Model’s
primary bottlenecks (1), (2).

2. Related Work
2.1. World Models

HIEROS [10] learns time-abstracted world represen-
tations and imagines trajectories at multiple time scales
in latent space. Using the framework of multiple world
models (functioning at different time scales), HIEROS
outperforms SOTA on the Atari 100k benchmark and shows
that their proposed world model is able to predict complex
dynamics very accurately - a hint of the benefits of using
a composition of world models’ latent representations.
RoboDreamer [14] breaks down language prompts into
a set of lower-level language primitives and conditions a
diffusion-based video generator to imagine a trajectory.
Song et al. [12] decouples the complex whole-body sim-
ulation, which may exhibit discontinuities due to contact,
into two separate continuous domains: a differentiable
simulator world model and a non-differentiable simulator
that acts as a ground truth to the differentiable simulator,
closing the loop. This work, although reaching robust
locomotion performance in the real world zero-shot, still
requires accurate simulators, which may not always be
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(b) Another example of a subfigure.

Figure 1. Overview of the ED2 Framework: The ED2 framework consists of two main components: sub-dynamics discovery (SD2) and
dynamics decomposition prediction (D2P). SD2 is responsible for decomposing the dynamics by creating a partition G over the action
dimensions. D2P utilizes this partition to split the action at−1 into multiple sub-actions according to G, enabling decomposed predictions
based on st and each sub-action aGk . The final prediction ht is obtained by aggregating the outputs of all sub-dynamics models, which is
then used to generate the next state st+1 and the reward rt. [6]

readily available for diverse task sets. Model ensembling
is also widely used in model construction for uncertainty
estimation, providing a more reliable prediction [7].

2.2. Dynamics Decomposition

Most world model works are limited to investigating
how to better model the dynamics in a black-box manner,
but they all ignore the nature of the environmental dynam-
ics themselves. ED2 [6], proved that the breakdown into
subdynamics can be beneficial. However, they lacked em-
pirical evidence that supported the technical aspect of the
idea. Most notably, their technique for creating subdynam-
ics was application-specific, and their subdynamics were
extracted from proprioceptive data which limits the scal-
ability to large internet-scale data training and sim-to-real
performance. We hope to introduce a method to improve
upon these limitations.

2.3. Object-centric Dynamics

Object-centric representation learning has gained popu-
larity in understanding more complicated scenes with many
moving objects. Attention has been found to be very good
at understanding object interdependence in an unsupervised
manner. Inspired by this, SlotAttention [9] presents an ar-
chitecture component that interfaces with the output of a
convolutional neural network and produces a set of task-
dependent abstract representations that they call ”slots.”
Slots bind to an object through a competitive procedure over
multiple rounds of attention. SAVi [8] extended this idea
to videos, predicting frame reconstructions or optical flow
over a sequence of images. SlotFormer [13] utilized Slots
to disentangle individual objects from the scene and learn
their interactions completely unsupervised.

3. Method
3.1. Background

We focus on discrete-time infinite horizon Reinforce-
ment Learning (RL) scenarios categorized by system states
s ∈ Rn = S , actions a ∈ Rm = A, dynamics func-
tion f : S × A → A. Combined, these form the Markov
Decision Problem (MDP) described by tuple (S,A, f, r, γ),
where γ is the discount factors. Actions are samples at each
timestep t by stochastic policy at ∼ πθ(·|st), parameterized
by θ. The goal of the policy is to maximize the cumulative
discounted rewards:

max
θ

J(θ) := max
θ

Es1∼ρ(·),at∼πθ(·|st)

[ ∞∑
t=1

γtr(st, at)

]
where ρ(s1) is the initial state distribution. We leave fur-

ther details of RL policy learning to the reader’s own inter-
est, since the core idea of our method focuses on learning
the dynamics function f : S × A → A. In the dynam-
ics decomposition section 2.3, we assume that our states are
proprioceptive robot states, as this helps to build intuition.
However, the goal in the next section and beyond is to treat
states as videos of the robot. This allows our method to
scale to more general and more prevalent scenarios in robot
learning.

3.2. Dynamics Decomposition

Given an environment with a m-dimensional action
space and the index of each action dimension Λ =
{1, 2, · · · ,m}, any disjoint partition G = G1, · · · , Gk over
Λ corresponds to a particular way of decomposing the ac-
tion space. For each dimension of action i in Λ, we define
the action space Ai, which satisfies A = A1 × · · · × Am.
The decomposition of the action space under partition G is
defined as AG = {AG1 , · · · , AGk}, where subaction spaces
AG| =

∏
x∈Gj

Ax. ED2 [6] formalizes a method to create a
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partition G. They utilize a feature extraction method where
they extract the properties of each action dimension by com-
puting the Pearson correlation coefficient between the ac-
tion dimensions and state dimensions over episode rollouts
of a random agent acting in the environment. They then
clusters nearby action dimensions. This yields the ”subdy-
namics” (i.e. G1, ..., G8 in Figure 1).

With partition G, ED2 partitions the neural network that
makes up the dynamics model f : S × A → A. For exam-
ple, the recurring state-space model (RSSM) that is used in
DreamerV3 [4] would be partitioned into m separate RSSM
modules to model each subdynamic independently:

st+1 =
1

k

k∑
i=1

fi(s, a
Gi),∀s, a ∈ S ×A

where fi denotes our partitioned neural network, with k
total partitions. Each fi has input dimensions (dim(s) +
dim(aGi)) and output dimension dim(s), representing a
separate dynamics function for each partition.

Empirically, ED2 showed promising results in complex
locomotion tasks, namely DeepMind Control Humanoid.
However, we observe multiple drawbacks with this method
and pose potential research questions built on their findings:

Drawbacks

1. ED2 explicitly identified action dimensions via clus-
tering methods, which limits the scope to discrete con-
trol tasks and limits the generalizing to different robot
modalities.

2. ED2 does not support image data.

Research Questions:

1. Can we implicitly identify subdynamics of any contin-
uous control tasks, i.e. utilizing a parameterized model
to decouple subdynamics.

2. Given a diverse dataset of different robot morpholo-
gies, can we decompose it into a set of distinct
subdynamics and utilize them to generalize to new
tasks/modalities. In other words, can we build a
physics simulator composed of many independent unit
physics (subdynamics) modules that allow us to gener-
alize our dynamics model to new scenarios?

3.3. Attention to Decomposing Dynamics

In light of these issues, we explore attention as a means
of decomposing dynamics. Attention has long been known
to be good at learning object-centric representations in dy-
namic scenes.

Slot Attention [9] is a mechanism designed to iteratively
bind inputs to a fixed number of ”slots,” which can repre-
sent object-centric latent variables. SAVi (Slot Attention

for Video) extended this approach to dynamic visual scenes.
SAVi uses a recurrent attention mechanism to process video
sequences, where each frame is encoded into feature maps
Ft. These feature maps are iteratively updated into slots St

using the slot attention module.
The Slot Attention module involves computing attention

weights using a dot product attention mechanism:

A = Softmax
(
QK⊤
√
dk

)
,

where Q (queries) are the slot representations, K (keys),
and V (values) are derived from the feature map Ft. The
updated slot representations St+1 are computed as:

St+1 = GRU(St,AV),

with a GRU that provides iterative refinement. SAVi fur-
ther integrates temporal consistency by conditioning slots
on prior time steps, enabling smooth tracking of objects and
their dynamics across frames.

We attempt to utilize SAVi to learn rigid-body subdy-
namics from videos.

4. Data
We compose a variety of data sets for the various tasks

that we want to perform.
The authors of TD-MPC2 open-sourced their episodic

training data for continuous control tasks. In particular, they
released an 80-task dataset containing 545M transitions (34
GB) and a 30-task dataset with 345M transitions (20 GB),
the latter of which we utilize since we stay within the Deep-
Mind Control suite for preliminary tests. The data encom-
pass a wide range of behaviors, from random to expert poli-
cies, across multiple embodiments and action spaces. This
diversity of data allowed us to sufficiently train robust world
models to solve continuous control tasks. For further details
on the implementation of the data collection pipeline, we
encourage readers to refer to the TD-MPC2 paper itself.

DreamerV3’s authors did not open-source their data.
Therefore, we collected our own datasets using replay
buffers throughout the training process. The datasets com-
prised of single-task episodic data for various continuous
control tasks in the DeepMind Control suite. Since the pol-
icy gradually improved throughout the training process, the
data encompasses a wide range of behaviors, from random
to expert policies.

The replay buffer was configured with a capacity of 1
million episodes. Each episode in the dataset contains tran-
sitions that include observations, actions, rewards, and state
information. The batch size for training was set to 16, with
a batch length of 64 timesteps. This approach allows the
agent to learn from a diverse set of experiences, improving

3



Figure 2. Episode Rewards and Dynamics Loss
(Ldynamics = E(st,at,st+1)∼D

[
∥fθ(st, at)− st+1∥22

]
) of

DreamerV3 vs DreamerV3+ED2 on walker-walk task

its ability to generalize across different tasks within each
modality.

The data collection process was integral to DreamerV3’s
learning, as it used this information to train its world model,
critic, and actor networks. The world model learned to pre-
dict future states and rewards, while the critic and actor net-
works used these predictions to improve the agent’s policy.

Lastly, we collect data to explore attention-based dynam-
ics decomposition. The MoCapAct dataset comprises video
rollouts of a CMU humanoid performing various tasks us-
ing expert policies. This large multi-task set, albeit under a
single modality, represents a sufficiently diverse distribution
for our intention. The dataset encompasses 2,589 clip snip-
pets derived from 836 original motion capture clips, each
4-6 seconds long with 1-second overlaps. Two versions of
the rollout dataset are available: a ”large” 600-gigabyte col-

lection with 200 rollouts per snippet, totaling 67 million en-
vironment transitions (equivalent to 620 hours in the simu-
lator), and a ”small” 50-gigabyte collection with 20 rollouts
per snippet, containing 5.5 million environment transitions
(51 hours of simulation time). Each video in the dataset
contains sequences of the humanoid executing different ac-
tions, capturing complex motions and interactions with the
environment. We applied a 70-20-10 train, test, validation
split to this dataset, ensuring that the test set included com-
pletely new tasks to sufficiently evaluate generalization to
unseen behaviors. Furthermore, we standardize the frame
rate and video length across all samples to enable consis-
tency in downstream tasks. The composition of this dataset,
featuring a single embodiment across various tasks, offers
a unique opportunity to study how object-centric models
can generalize across different behaviors while maintaining
consistency in object representation within a fixed morphol-
ogy.

Task DreamerV3 DreamerV3 + ED2

Walker-Walk 3.22 1.84
Humanoid-Walk 6.01 1.21
Cheetah-Run – –
Hopper-Hop – –
Walker-Run – –

Table 1. Converged dynamics loss comparison for DreamerV3 and
DreamerV3 + ED2 across tasks.

Task TDMPC2 TDMPC2 + ED2

Walker-Walk – –
Humanoid-Walk – –
Cheetah-Run 5e-5 4e-5
Hopper-Hop 1e-3 1e-3
Walker-Run 5e-5 3e-5

Table 2. Converged dynamics loss comparison for TDMPC2 and
TDMPC2 + ED2 across tasks.

5. Experiments
5.1. ED2 Baseline Tests

The ED2 paper implemented their concept on two
well-known algorithms for single task expert learning:
MBPO [7] and DreamerV1 [3]. However, to better
understand ED2 on more modern control algorithms,
we implemented the concept in DreamerV3 [4] and
TDMPC2 [5]. Dreamer learn behaviors by propagating
analytic gradients of learned state values back through
trajectories imagined in the compact state space of a
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Figure 3. SAVi results on MOCAPACT data after 30k training steps (∼ 8 hours). Along the rows are 5 different humanoid task/actions.
The left-most column is our test-sample, and the columns to the right of those are Slots (7 slots), each associated to capturing distinct
subdynamics of the whole-body dynamics.

learned world model. TDMPC2 performs local trajectory
optimization using an MPC in the latent space of a learned
implicit. Both works use the world models approach for
imagination in the latent space.

We tested the 4 algorithms - DreamerV3, DreamerV3
+ ED2, TDMPC2, TDMPC2 + ED2 - in a variety of
tasks: DMControl Humanoid Walk, DMControl Walker
Walk, DMControl Cheetah Run, DMControl Hopper Hop.
The vanilla TDMPC2 and DreamerV3 acted as baselines
for our ED2 implementations, respectively. Furthermore,
the algorithms were tested on 3+ seed to eliminate any oc-
currences of off-chance high returns. Both TDMPC2 and
DreamerV3 optimized over their respective offline datasets
as mentioned in the previous section 4. We omit certain
tasks due to their non-convergence, algorithm suppport, or
compute constraints.

From Table 1, we observe that environment decompo-
sition improves the loss of the converged dynamics model
in both the Walker-walk and Humanoid-walk tasks. This
indicates that our world model benefits from the incorpora-

tion of dynamics decomposition. However, we note that the
episode rewards for both algorithms remained largely com-
parable. We attribute this outcome to the limitations of the
vanilla ED2 approach when applied to more complex archi-
tectures such as DreamerV3. Specifically, achieving sim-
ilar performance gains to those demonstrated in the origi-
nal ED2 paper would likely require additional architectural
optimizations tailored to the advanced structure of Dream-
erV3.

From Table 2, we observe a marginal improvement in
the dynamics loss for the Cheetah-run, Hopper-hop, and
Walker-run tasks with environment decomposition. Sim-
ilarly, the episode rewards of both algorithms remained
largely equivalent, which we attribute to the same limita-
tions noted in the context of DreamerV3. Furthermore, we
find that the performance gains from ED2 are more pro-
nounced with DreamerV3 compared to TDMPC2. We hy-
pothesize that this discrepancy arises from differences in the
world model backbone. While TDMPC2 employs Multi-
Layer Perceptrons (MLPs) as its world model backbone,
DreamerV3 utilizes an ensemble of GRUCells integrated
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into an RSSM. MLP-based world models may lack the rep-
resentational capacity necessary for effectively modeling
decomposed dynamics. Empirical results suggest that the
GRUCells in the RSSM architecture of DreamerV3 offer
a superior backbone for modeling decomposed dynamics.
More significantly, these results demonstrate that decom-
posing dynamics improves the dynamics loss even on state-
of-the-art models, highlighting a pathway to develop more
robust and better-performing algorithms.

5.2. SlotAttention for Dynamics Decomposition

The preceding results provide strong evidence that dy-
namics decomposition effectively reduces dynamics loss.
Additionally, a key insight emerged: GRUCells exhibit
greater representational capacity compared to the MLPs
employed in TD-MPC2. SAVi, which leverages GRUCells
to model slot dynamics over multiple frames, aligns natu-
rally with our findings. We train and evaluate SAVi with the
hyperparameter slots = 7 on the CMU-humanoid dataset
described in Section 4, investigating how sub-dynamics are
distributed across different slots, as illustrated in Figure 3.

Our analysis reveals that Slot Attention tends to strongly
bias learning toward capturing the entire rigid-body dynam-
ics within a single slot, leaving the remaining six slots (left
6 columns in figure 3) to encode sparse and partial repre-
sentations of the actual rigid-body dynamics. This behavior
persisted despite efforts to tune the number of slots. We
attribute this limitation to an inherent design constraint of
Slot Attention, as the original authors note its sensitivity to
closely interacting object dynamics.

A potential solution would be to condition the Slot At-
tention module on action dimensions. This approach, anal-
ogous to the ED2 framework, could guide Slot Attention to
implicitly associate actions with corresponding state transi-
tions, enabling the automatic clustering of shared dynam-
ics into distinct partitions. Furthermore, a semi-supervised
method for dynamics discovery, such as keypoint detection
followed by an attention mechanism, could offer a more
efficient alternative, as demonstrated in recent work [11].
However, we acknowledge that exploring such model vari-
ants was beyond the scope of this project but are still excited
for potential in this direction.

6. Conclusion
Through this work, we discuss some of the ongoing is-

sues in multi-task reinforcement learning and propose a new
pathway to scale: decomposing dynamics model into sub-
dynamics. Our evaluations demonstrated that decomposing
the dynamics through ED2 improves our dynamics predic-
tion loss. We proceed to explore dynamics decomposition
in the image space using SlotAttention and reach a bitter-
sweet conclusion: SlotAttention learns rigid-body dynam-
ics well; however, it biases the learning to take place within

a single slot. Future directions include finding a way to in-
duce the model to partition the dynamics, composing sub-
dynamics for out-of-distribution data, and assessing more
thoroughly the generalization of our method on large multi-
task datasets.
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