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Abstract
The use of learned dynamics models, also known as world
models, can improve the sample efficiency of reinforcement
learning. Recent work suggests that the underlying causal
graphs of such dynamics models are sparsely connected, with
each of the future state variables depending only on a small
subset of the current state variables, and that learning may
therefore benefit from sparsity priors. Similarly, temporal
sparsity, i.e. sparsely and abruptly changing local dynamics,
has also been proposed as a useful inductive bias. In this work,
we critically examine these assumptions by analyzing ground-
truth dynamics from a set of robotic reinforcement learning
environments in the MuJoCo Playground benchmark suite,
aiming to determine whether the proposed notions of state and
temporal sparsity actually tend to hold in typical reinforce-
ment learning tasks. We study (i) whether the causal graphs of
environment dynamics are sparse, (ii) whether such sparsity
is state-dependent, and (iii) whether local system dynamics
change sparsely. Our results indicate that global sparsity is
rare, but instead the tasks show local, state-dependent sparsity
in their dynamics and this sparsity exhibits distinct structures,
appearing in temporally localized clusters (e.g., during con-
tact events) and affecting specific subsets of state dimensions.
These findings challenge common sparsity prior assumptions
in dynamics learning, emphasizing the need for grounded in-
ductive biases that reflect the state-dependent sparsity structure
of real-world dynamics.

Supplementary Version — arxiv.org/abs/2511.08086
Code — github.com/jkbjh/dynamic-sparsity-paper-code

1 Introduction
Reinforcement Learning (RL) promises to enable robots to
learn complex, adaptive behaviors autonomously. However,
it is often sample-inefficient due to the large number of envi-
ronment interactions required.

Model-Based Reinforcement Learning (MBRL) addresses
this issue by learning models of the environment’s dynamics,
also called world models (Sutton 1988; Schmidhuber 2015;
Ha and Schmidhuber 2018). World models allow agents to
simulate interactions and plan effectively with fewer real-
world samples (Schmidhuber 1990a,b,c, 1991; Hafner et al.
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Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2019a, 2025). These world models learn dense dynamics
where future state values are predicted based on the whole set
of the current state values, leading to learning spurious corre-
lations between the states which leads to poor generalization
and prediction accuracy (Wang et al. 2021). To address this
issue, recent research has proposed incorporating sparsity as
an inductive bias into learning of dynamics models for Model-
Based Reinforcement Learning (MBRL), framing them as
causal models (Wang et al. 2022, 2024; Lei, Schölkopf, and
Posner 2024). These causal models are often assumed to be
sparsely connected, meaning that each future state variable
depends only on a limited subset of the current state variables
and actions (Wang et al. 2022, 2024; Hwang et al. 2024;
Lange and Kording 2025). Additionally, some studies advo-
cate for modeling temporal sparsity, where dynamics change
abruptly due to discrete latent transitions in the environment
(Gumbsch, Butz, and Martius 2021; Jain et al. 2021; Orujlu
et al. 2025).

Despite these promising directions, such assumptions are
often validated only in controlled or synthetic environments,
e.g. manipulation tasks with unmodifiable state variables
and unmovable objects (Wang et al. 2022). It remains uncer-
tain whether these sparsity assumptions extend from custom
problems with known causal graphs to complex robotic envi-
ronments featuring contacts and dynamic interactions.

In this paper, we explore the validity of these sparsity-
based priors using ground-truth dynamics from the MuJoCo
Playground (Zakka et al. 2025a), a suite of physics-based
robotic benchmarks widely used in RL research. We focus
our analysis on the sparsity of the transition functions’ Jaco-
bians, which capture how future states linearly change with
respect to current states and actions. This analysis enables the
characterization of sparsity in the underlying causal structure,
as the absence of causal influence corresponds to zero entries
in the Jacobian. Specifically, we address four key questions:

(Q1) Do the true dynamics exhibit sparsity in their causal
structure?

(Q2) Is such sparsity dependent on the current state?

(Q3) Do the dynamics undergo temporally sparse transi-
tions?

(Q4) Does naive Multi-Layer Perceptron (MLP) training
recover the ground-truth dynamics’ sparsity?
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2 Related Work
This section reviews prior research most relevant to our work,
beginning with general developments in continuous control
environments and reinforcement learning, then narrowing
our focus to methods concerned with modeling and learning
environment dynamics with sparsity priors.

Continuous Control Environments: Continuous control
tasks, such as those modeled by MuJoCo (Todorov, Erez, and
Tassa 2012), DeepMind Control Suite (Tassa et al. 2018),
Brax (Freeman et al. 2021) and MuJoCo Playground (Za-
kka et al. 2025a), have become standard benchmarks for
evaluating reinforcement learning (RL) algorithms due to
challenging high-dimensional, continuous state and action
spaces, requiring agents to learn smooth control policies for
locomotion or manipulation. In this paper, we focus on the
continuous control tasks shown in Figure 1 from MuJoCo
Playground.

Continuous Control through RL: Model-free approaches,
such as DDPG (Lillicrap et al. 2016), PPO (Schulman et al.
2017), and SAC (Haarnoja et al. 2018), have achieved im-
pressive results in continuous control. These methods typi-
cally rely on large amounts of interaction data, which lim-
its their sample efficiency. In contrast, model-based RL ap-
proaches seek to improve sample efficiency by learning a
predictive model of the environment’s dynamics. Notable
methods include PETS (Chua et al. 2018), PlaNet (Hafner
et al. 2019b), and Dreamer (Hafner et al. 2019a, 2021, 2025),
which learn latent dynamics models to plan actions or im-
prove policy learning. Efforts have also explored hybrid
model-based/model-free strategies, where learned models
are used to generate synthetic rollouts or augment training
data (Janner et al. 2019).

World Models and Sparse Dynamics Learning: A grow-
ing body of work (Pitis, Creager, and Garg 2020; Wang et al.
2021, 2022, 2024; Hwang et al. 2024; Zhao et al. 2025)
focuses on learning structured models of the world by com-
bining world model learning (Ha and Schmidhuber 2018)
with causal representation learning (Schölkopf et al. 2021).
The main motivation for these methods is that incorporat-
ing causal structure into learning dynamics models can in-
crease generalizability, particularly under distribution shifts
or changes in controllable factors (Wang et al. 2021). Re-
cent papers (Wang et al. 2021, 2022, 2024) propose induc-
ing causal structure by incorporating sparsity into dynamics
model learning. These papers argue that dense models, which
use all current states and actions to predict future states, are
prone to capturing spurious correlations between unrelated
features which reduces prediction accuracy and hinders gener-
alization. They propose learning a global context independent
causal graph and assume that the local dependencies do not
change over time. In contrast, another line of work focuses
on modeling fine-grained local context-specific independence
i.e., state-dependent sparsity within causal graphs by learn-
ing local causal models based on individual contexts. (Pitis,
Creager, and Garg 2020; Pitis et al. 2022; Chitnis et al. 2021;
Hwang et al. 2024; Zhao et al. 2025). These papers learn the
local causal graphs for different purposes, such as data aug-

Figure 1: Benchmark Environments from the DeepMind Con-
trol Suite (Tassa et al. 2018), implemented in MuJoCo Play-
ground (Zakka et al. 2025a): (top) BallInCup, CartpoleBal-
ance, CheetahRun, ReacherHard, (bottom) FingerSpin, Fin-
gerTurnEasy, WalkerRun, SwimmerSwimmer6

mentation for RL agents (Pitis, Creager, and Garg 2020; Pitis
et al. 2022) or exploration (Wang et al. 2023). These local
causal models are learned in various ways such as using at-
tention scores (Pitis, Creager, and Garg 2020), examining the
Jacobians of the learned dynamics model (Wang et al. 2023;
Zhao et al. 2025), vector quantization of local subgraphs
(Hwang et al. 2024; Zhao et al. 2025), or using hard-attention
in a Transformer world model with sparsity regularization
(Lei, Schölkopf, and Posner 2024). Similarly, Orujlu et al.
(2025) use RL agents to dynamically construct sparse, time-
varying causal graphs, instead of the soft, dense connections
typical of Transformers. Gumbsch, Butz, and Martius (2021)
and Jain et al. (2021) model sparsity in the temporal evolu-
tion of latent states through the use of L0 regularization and
variational sparse gating mechanisms respectively.

All the papers discussed in this section so far learn dynam-
ics models predominantly in controlled or synthetic environ-
ments with known causal graphs, under the assumption that
sparsity provides a useful inductive bias for MBRL in these
environments. However, it was unclear if this assumption
actually holds for the true dynamics of common continuous-
control reinforcement learning environments as well. In this
paper, we systematically investigate this assumption.

3 Background and Notation
This paper focuses on robotic RL benchmarks and in par-
ticular DM Control Suite environments (Tassa et al. 2018),
as implemented in the MuJoCo Playground (Zakka et al.
2025b), for the differentiable MJX simulator, a version of Mu-
JoCo (Todorov, Erez, and Tassa 2012) written in JAX (Brad-
bury et al. 2018). The considered systems are vector-valued,
discrete-time and time-invariant, and their evolution is fully
captured by st+1 = step(st, at) where st, st+1 ∈ Rds are
ds-dimensional vectors representing the ground truth states,
at ∈ Rda is a da-dimensional vector representing the control
signal (a.k.a. action), and step : Rds × Rda → Rds is the
simulator’s step function1 that calculates the next state. Fig-
ure 2 illustrates how the states change with the actions. The
observations(e.g., pixel-space) depend non-invertibly on the
states. Performing a similar analysis on observations requires
the ground-truth Jacobians between successive observations,

1Up to the indeterminism by modern GPU implementations.
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Figure 2: The simulator’s ground-truth state st is advanced
by the simulator’s step(st, at) function to produce the next
state st+1. Each of these states st non-invertibly produces a
corresponding observation ot that is used by the trained agent
to choose an action. In this work we analyze the dynamics of
the ground-truth next state st+1 with respect to the current
state st.

which do not exist generally. Thus, we restrict our analysis
to state space only. To interact with the environment, actions
are sampled from the stochastic policy of the trained agent,
i.e., at ∼ π(·|ot). The observations ot capture some relevant
information about the ground-truth state, but the mapping
ot = fo(st) is, in general, not invertible. Note that all vectors
in this manuscript are column vectors, if not stated otherwise.

Sparse Causal Graphs The dynamics model, i.e., the
step function, can be viewed as a vector of scalar-valued
component functions, mapping the vector valued inputs to
the scalar output of each separate state dimension i, i.e.,
(st, at) 7→ s

(i)
t+1. These scalar-valued output functions may

depend only on a subset of the input variables (s′t, a
′
t) where

s′t ⊆ st = {s(1)t , . . . , s
(ds)
t }. If the output for state variable

sjt+1 does not depend on sit, then no connecting edge exists
in the causal graph representing the step function. Sparse
causal graphs (i.e., graphs with few edges) are in principle
simpler to learn than dense ones, since the graph contains less
information and the output can be inferred by using only a
subset of the inputs. However, the knowledge of which edges
are absent is generally unavailable, making it hard to harness
this sparsity to simplify the learned model.

Differentiable Dynamics and Jacobians We consider dif-
ferentiable step functions, and we define the first-order
derivatives (a.k.a. Jacobians) w.r.t. states and actions as

Js =
δ

δst
step(s, a) =


δ step1

δs
(1)
t

. . . δ step1

δs
(ds)
t

...
. . .

...
δ stepds

δs
(1)
t

. . .
δ stepds

δs
(ds)
t



Ja =
δ

δat
step(s, a) =


δ step1

δa
(1)
t

. . . δ step1

δa
(da)
t

...
. . .

...
δ stepds

δa
(1)
t

. . .
δ stepds

δa
(da)
t


respectively. In other words, the Jacobians above capture the
local variability of the future state st+1 given infinitesimal

variations of the current state st and action at. The goal of this
paper is to study the system’s Jacobians, which give useful
information about the local interactions between variables,
in order to assess the sparsity of the underlying causal graph.
To this end, we collect and analyze a dataset D consisting of
states, actions, next states and corresponding state and action
Jacobians. To make sure that we cover relevant parts of the
state space, we collect the dataset by using an expert policy
trained via reinforcement learning (Section A1), and using
MJX, we auto-differentiate step(s, a) to obtain the state and
action Jacobians Js and Ja.

4 Using Jacobians to Assess Sparsity
To see how the Jacobians of the environment dynamics relate
to sparsity in the causal graph of state variables, consider a
differentiable function

f : Rm → Rn

x = (x1, . . . , xm) 7→ f(x) = (f1(x), . . . , fn(x)),

where xi denotes the i-th input variable and fj the component
function mapping x to the j-th output variable yj . Further-
more, suppose the existence of a directed, bipartite graph
G = (V,E) with vertex set

V = {x1, . . . , xm, y1, . . . , yn}
encoding direct causal relationships from inputs to outputs.
An edge (xi → yj) ∈ E indicates that the output yj directly
depends on the input xi. As a consequence, for each j ∈
{1, . . . , n}, fj is a function only of those inputs xi for which
(xi → yj) ∈ E. Hence, if there is no such edge, the partial
derivative of fj with respect to xi must be zero, i.e.,

(xi ̸→ yj) =⇒ ∂fj
∂xi

= 0.

A zero partial derivative expresses that fj is invariant to
infinitesimal changes in xi when xi is not a direct cause of
yj in the causal graph G.

Consequently, the absence of edges between certain inputs
and outputs in the causal graph G directly translates into
sparsity in the Jacobian matrix:

Jf (x) :=

(
∂fj
∂xi

(x)

)
1≤j≤n
1≤i≤m

∈ Rn×m.

More precisely, if an edge (xi → yj) is missing in G, the
corresponding element of the Jacobian must be zero. In turn,
the number of zero elements present in Jf (x) provides an
upper bound on the sparsity of the causal graph. Each zero
element in the Jacobian is a necessary condition for the ab-
sence of direct causal influence but not a sufficient one, due
to the possibility of higher-order derivatives.

If we consider not only the derivative at a single point,
but across the entire domain of f we can make a stronger
statement. A Jacobian element that is zero everywhere, i.e.,

∂fj
∂xi

(x) = 0 ∀x ∈ Rm,

implies that all higher-order derivatives with respect to xi are
zero as well. A global zero element is thus both necessary
and sufficient for the absence of a causal edge (xi → yj).
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Environment Dimension Jacobian
Zero Elements

State Action State (%) Action
BallInCup 8 2 0 (0.00) 0
CartpoleBalance 4 1 0 (0.00) 0
CheetahRun 18 6 17 (5.25) 0
ReacherHard 4 2 3 (18.75) 0
FingerSpin 6 2 0 (0.00) 0
FingerTurnEasy 6 2 0 (0.00) 0
WalkerRun 18 6 17 (5.25) 0
SwimmerSwimmer6 16 5 30 (11.72) 0

Table 1: This table shows the counts of elements in the state
and action Jacobian that remain constantly zero across multi-
ple rollouts, per environment. As this gives an upper bound
for the sparsity in the underlying global causal graph, it in-
dicates that global sparsity is mostly absent from these envi-
ronments.

5 Experiments
For our experimental analysis, we collect trajectories us-
ing expert reinforcement-learning policies trained with PPO
(Schulman et al. 2017). To encourage exploration, we inject
colored noise following the method of (Hollenstein, Martius,
and Piater 2024). Additional training details are provided in
Section A1. The state and action Jacobians of the ground-
truth transition function step(s, a) are obtained via automatic
differentiation. We define the sparsity value of the Jacobian
matrix as the number of zeros in the Jacobian matrix divided
by the total number of elements in the Jacobian matrix.

5.1 (Q1) Do the True Dynamics Exhibit Sparsity
in Their Causal Structure?

This section investigates whether common Reinforcement
Learning environments exhibit globally consistent sparse
dynamics. We examined the Jacobians of step with respect to
both s and a for sparsity, i.e., the presence of zero elements
that persist across all collected samples. As discussed in
Section 4, the condition

∂

∂s(i)
step(j)(s, a) = 0 ∀ s, a

is both necessary and sufficient for the (j, i) element of the
state Jacobian to be zero.

Since we cannot exhaustively evaluate this condition, we
only evaluate a necessary condition for sparsity, and provide
an upper bound for the true sparsity. The results for this ex-
periment are listed in Table 1. We count the zero elements in
both the state ( δ

δs ) and action ( δ
δa ) Jacobians. To account for

floating point precision, we use a threshold of |x| < 10−12

to determine whether an element x is zero. Our experiments
show that there are indeed environments that exhibit globally
zero elements in the Jacobians for all samples tested, but that
this is only the case for very few elements (5.25%−18.75%)
and only in a handful of environments (CheetahRun, Reacher-
Hard, WalkerRun, SwimmerSwimmer6). This indicates that
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Figure 3: For the two environments ReacherHard and Fin-
gerTurnEasy, the heatmap illustrates the proportion of time
each element of the Jacobians Js = δ

δs step(s, a) and
Ja = δ

δa step(s, a) remains zero (indicating the indepen-
dence of the variables) during an episode rollout, expressed
as a percentage of the total episode duration averaged across
rollouts and seeds. The heatmap values are rounded to the
nearest integer. Most Jacobian elements remain non-zero
throughout the episode, a small number stay zero for the
entire duration and the remaining elements are zero for only
a fraction of the timesteps. Similar heatmaps for the remain-
ing environments considered for analysis are shown in Sec-
tion A3.1.

globally consistent sparsity is rare and is thus unlikely to
be a generally important inductive bias. Instead of requiring
a Jacobian element to be zero for all state and action sam-
ples, we can investigate the relaxed problem of looking at
the percentage of samples where the element is zero. This is
illustrated for the two environments ReacherHard and Finger-
TurnEasy in Figure 3. The results clearly show the globally
zero elements in the ReacherHard environment, but further
highlight that specific elements can be zero only for a certain
percentage of the samples, as for FingerTurnEasy. This hints
at a different, potentially more widely applicable sparsity
assumption: state-dependent sparsity, which we investigate
next.

5.2 (Q2) Is Such Sparsity Dependent on the
Current State?

In the previous section, we examined globally zero elements
in the Jacobians. We found that some environments do have
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Figure 4: A 2-dimensional t-SNE embedding of state, action
and next state tuples with a perplexity value of 50 colored by
the combined sparsity values of state and action Jacobians
across 10 episodes of FingerTurnEasy. Sparsity in the Jaco-
bians is often related to contacts: When the Finger is not
moving the object, we observe higher sparsity compared to
when the Finger pushes the object in the process. The sparsity
values are given near the images of the states.

such zero elements, but most do not. Even when they do,
there are only a few of these globally zero elements. However,
relaxing the requirement of global sparsity for the Jacobian
elements, we can investigate partial sparsity in the Jacobian,
i.e., when the Jacobian elements are zero only for fraction of
the samples.

Sparsity (i.e., zero elements) in the Jacobian for a frac-
tion of the sampled states is a necessary condition for state-
dependent sparsity, which, as indicated by Figure 3, is present
in at least some of the environments. In this section, we turn
to looking at state-dependent sparsity in more detail. Fig-
ure 4 illustrates state dependent sparsity for the FingerSpin
environment, through a t-SNE embedding of the state, action
and next state (s, a, s’) tuple and color coding the combined
state and action Jacobian’s sparsity at each point. The figure
illustrates a sequence of frames, the corresponding transitions
through the t-SNE embedded state-space, and the sparsity
values. As can be observed in the first frames, the sparsity
is lower when the finger interacts with the object. This se-
quence of steps with low sparsity followed by a few steps of
high sparsity repeats as the object briefly comes into contact
with the finger (=low sparsity) and then spins freely (=high
sparsity). Sparsity could be induced in a learned representa-
tion, e.g. through regularization (similar to Lei, Schölkopf,
and Posner (2024). However, this method requires tuning
the amount of sparsity that is induced. Figure 5 illustrates
histograms of the observed sparsity across all samples for
all tested environments. The histograms indicate that the

0

5

10

BallInCup CartpoleBalance

0

5

10

CheetahRun ReacherHard

0

5

10

FingerSpin FingerTurnEasy

0.00 0.25 0.50 0.75 1.00

0

5

10

WalkerRun

0.00 0.25 0.50 0.75 1.00

SwimmerSwimmer6

Sparsity

N
or
m
al
iz
ed

Fr
eq
ue
nc
y

State
Action

State Mean
Action Mean

Figure 5: Histograms showing the distribution of state and
action Jacobians’ sparsity values in the whole dataset with a
bin width of 0.1. The sparsity values are mostly concentrated
in a small number of bins, indicating a repetition of similar
sparsity patterns in the Jacobians over the trajectories.

sparsity only assumes certain values, presumably based on
whether the agent touches the ground (CheetahRun, Walk-
erRun), or interacts with the object (BallInCup, FingerSpin,
FingerTurnEasy). The figure also illustrates the mean sparsity
for each environment. Presumably, if sparsity regularization
is used, it should be tuned to induce a similar amount of
sparsity on average. While Figure 5 indicates that the sparsity
only assumes specific values, it is unclear how the sparsity
changes temporally.

5.3 (Q3) Do the Dynamics Undergo Temporally
Sparse Transitions?

The previous section established that the system assumes spe-
cific sparsity values, likely due to the structure of the interact-
ing objects and the robot, such as objects coming into contact
or airborne phases of the gait cycle. If sparsity relates to the
gait cycle or contact events, its behavior is expected to be
temporally consistent—remaining stable over multiple steps
before switching—which can be observed in Figure 4. The
system’s dynamics can be described by differential equations
where changes in contact correspond to transitions between

24731



0

1

BallInCup - State CheetahRun - State

0 20 40

0

1

BallInCup - Action

0 20 40

CheetahRun - Action

Step

Sp
ar
si
ty

Figure 6: An illustrative example showing how sparsity val-
ues evolve over time in the BallInCup and CheetahRun en-
vironments. In BallInCup, sparsity pattern varies with the
tautness of the string connecting the ball and the cup, while in
CheetahRun, it reflects changes in the cheetah’s gait. Similar
plots for the remaining environments considered for analysis
are shown in Section A3.2.

different underlying differential equations. Therefore, incor-
porating inductive biases favoring modeling of temporally
sparse switches between underlying dynamics may improve
the learned performance (Gumbsch, Butz, and Martius 2021;
Jain et al. 2021).

Gumbsch, Butz, and Martius (2021) have pursued a sim-
ilar approach, employing a temporally sparsely changing
recurrent network to model both agent behavior in partially
observable environments and environment dynamics. In their
method, a hyper-parameter penalizes the changes and thus
implicitly regulates how often the system switches between
states, or inversely, stays in the same state. In this section,
we examine whether sparsity changes occur in a temporally
sparse manner and analyze the distribution of durations over
which these sparsity states persist. Figure 6 depicts the evo-
lution of the percentage of zero elements over time during
a single rollout with the expert agent, using the stochastic
Gaussian policy. In the BallInCup environment, a ball teth-
ered to a controllable cup by a string must be caught by
moving the cup. Sparsity is high when the string is loose
and low when the ball is inside the cup or the string is taut,
indicating temporally sparse changes. Figure 7 presents the
distribution of durations, measured by consecutive timesteps,
during which Jacobian elements remain in the close to zero or
non-zero state. The durations of elements that remain either
zero or non-zero for the maximum length of the episode are
not shown. Many of the elements in these Jacobians remain
in the same state for durations of multiple steps, hinting at
underlying structure that sparsely changes in time. The mean
duration of change likely poses as a useful default hyperpa-
rameter for methods attempting to regularize for temporally
sparse switching.

5.4 (Q4) Does Naive MLP Training Recover the
Ground-truth Dynamics’ Sparsity?

The previous sections demonstrated that even though global
sparsity is rare but sparsity does occur in the ground-truth
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Figure 7: Histograms display the duration distributions of
Jacobian elements being zero/non-zero across environments
during episode rollouts. The elements mostly remain in the
same state over multiple timesteps, indicating temporal spar-
sity. The Jacobian elements in ReacherHard do not switch
between zero/non-zero.

dynamics, though only to a limited, state-dependent extent.
A natural follow-up question is whether a multi-layer per-

ceptron (MLP) trained to approximate step(s, a) can capture
this sparsity. To investigate this question, we tested datasets
collected from our benchmark environments. Specifically, we
trained a two-layer neural network with ELU activations and
512 units per layer (Section A2), using mean squared error
(MSE) loss to predict the next state. Datasets were normal-
ized before training (Section A2.2). We consider a Jacobian
entry of the MLP with an absolute value below a threshold
of |x| < 10−6 to be effectively zero.

In addition to the baseline MSE loss, we tested the separate
inclusion of ground-truth Jacobian losses (MSE and mean ab-
solute error (MAE)) and an L1 penalty applied exclusively to
the predicted Jacobians. We also introduced a sparsity-aware
error (SAE) loss, which applies an MAE loss only to the
Jacobian elements that are expected to be zero based on the
ground-truth Jacobian. The results, summarized in Figure 8,
revealed a slight trend: using an MAE loss for the Jacobian
appeared to improve next-state prediction performance, while
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Figure 8: Simple MLP architectures are insufficient to cap-
ture ground-truth sparsity. The box plots show the quar-
tiles and the median. (Left) Test-set next-state prediction
error aggregated across errors normalized per-environment:
adding ground-truth Jacobian loss terms (MSE(J), MAE(J),
SAE(J)) barely affected prediction accuracy (only MSE(J)
caused a slight reduction), while regularization (L1) reduced
performance. (Right) Test set average MLP Jacobian sparsity
value compared to ground-truth. Training increases the MLP
Jacobian sparsity value over the untrained (Initial) value—
even with ground-truth losses the sparsity value remains far
below the ground-truth (Target).

MSE loss slightly reduced it. However, these differences were
not significant. In contrast, the induced sparsity increased sig-
nificantly when ground-truth Jacobian losses were included,
but still remained multiple orders of magnitude below the tar-
get sparsity. Notably, the SAE loss increased sparsity without
degrading prediction performance, whereas applying L1 reg-
ularization to the Jacobians increased sparsity but negatively
impacted state prediction accuracy. A reduced sparsity value
indicates more entangled predictions compared to the ground
truth, and consequently higher prediction errors from spu-
riously learned correlations. While the naive MLP recovers
some sparsity in its predictions, it is insufficient to fully cap-
ture the ground-truth sparsity, indicating a need for improved
world model architectures.

6 Discussion
Main Findings Our study provides insights into the role of
sparsity in learning the dynamics of classical reinforcement
learning (RL) environments and its implications for model-
based reinforcement learning (MBRL). First, we observed
that globally sparse causal structures, as indicated by consis-
tently zero Jacobian elements, are rare across most environ-
ments: While some environments, such as ReacherHard and
CheetahRun, exhibited limited global sparsity, the majority
showed dense interactions between state and action variables.
This suggests that enforcing strong global sparsity priors in
learned dynamics models may not be universally beneficial.
Interestingly, we found evidence of state-dependent sparsity
i.e., the causal structure of the dynamics changes based on
the current state. For example, in the FingerSpin environment,

sparsity was higher when the finger was not in contact with
the object and lower during interactions.

In our learning experiments, we observed that while a two-
layer MLP trained to approximate step(s, a) could recover
some sparsity in its predictions, the induced sparsity remained
far below the target sparsity. Using MAE-based Jacobian
losses slightly improved next-state prediction performance
compared to MSE-based losses, though the differences were
not statistically significant. Including ground-truth Jacobian
losses increased induced sparsity but did not fully capture
the sparsity present in the ground-truth dynamics, leaving the
network’s predictions more entangled. This likely leads to
reduced generalization and more compounding errors during
multistep prediction.

Limitations While this study provides valuable insights,
there are limitations that leave room for further improvement.
Due to computational budget reasons, the experiments were
conducted with a limited set of agents and environments.
Increasing the set of agents and environments would further
generalize the findings. Similarly, the architectural space is
vast and architectural exploration was thus limited to the
most intuitive choice, i.e., equal-width MLPs. While expert
trajectories are arguably the most relevant data for modeling
the environment and achieving good task performance—the
collected data were limited to stochastic-policy rollouts of
trained agents—more diverse data could further validate the
results.

7 Conclusion
While sparsity priors hold promise for improving sample
efficiency and generalization, their effectiveness depends on
alignment with the true structure of the environment. Overly
strong or misaligned priors could hinder learning by blocking
important interactions. Our findings indicate that sparsity is
indeed present in many reinforcement learning environments,
but requires modeling in a state-dependent way. Addition-
ally, we observed that changes in sparsity often occur in a
temporally sparse manner, with periods of stable sparsity
interspersed with abrupt transitions such as contact events or
phase changes in locomotion. Our results also indicate that
naive MLP implementations are insufficient to fully capture
and exploit these sparsity structures. These findings highlight
the need for further development of dynamics model architec-
tures that can explicitly model sparsity and thus dynamically
adapt their causal structure based on state and time, thereby
improving generalization and interpretability.
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