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Abstract

We introduce the Energy-Based Actionable World Model (EBAWM), a hybrid world-
modeling framework for industrial process forecasting and control that combines deter-
ministic state-space dynamics with an energy-based transition critic. EBAWM is designed
for long-horizon, high-stakes decision-making, where reliable recursive prediction requires
both stable state evolution and principled uncertainty awareness. In contrast to modern
deep time-series models—such as CNNs, RNNs, and Transformers—that operate primarily
as input–output predictors, EBAWM maintains an explicit, recursively propagated state
tied to physically meaningful system variables. This structure enables state correction,
long-horizon simulation, and direct integration with Receding Horizon Control, model pre-
dictive control, and model-based reinforcement learning.The deterministic transition model
provides a strong inductive bias for system identification by favoring explicit, Markovian,
action-conditioned state transitions, thereby mitigating representation collapse, a common
failure mode in energy-based learning. Uncertainty is captured through an energy func-
tion that evaluates the plausibility of action-conditioned state transitions, rather than by
injecting stochasticity into the dynamics or relying on model ensembles. High-energy re-
gions naturally indicate dynamically inconsistent or out-of-distribution behavior, yielding
an interpretable uncertainty-aware signal without assuming a parametric noise model. Our
contributions are: (i) we show that the geometry of the learned energy landscape encodes
dynamical structure and stability-related properties, enabling uncertainty-aware forecasting
and implicit control;(ii) we introduce a control-oriented world model that combines recur-
sive, action-conditioned physical state propagation with energy-based transition evaluation,
supporting online optimization and closed-loop decision-making; and (iii) we propose a sim-
ple and stable energy-based modeling design that avoids representation collapse by operating
on a latent space shaped by a deterministic forecaster.

1 Introduction

Accurate forecasting of industrial and physical time-series data is essential for monitoring, control, and
anomaly detection. Classical deep learning architectures—such as CNNs, LSTMs, and Transformers—offer
strong function-approximation capabilities but typically operate in an input–output setting, predicting future
observations from fixed historical windows. These approaches identify nonlinear input–output mappings
without maintaining an explicit Markovian state. This stands in contrast to state–space or input–state–
output formulations—where the state is measured or recursively propagated—which underpin modern control
design, including nonlinear control, model predictive control (MPC), and filtering techniques such as the EKF
Masti & Bemporad (2021).

The absence of an explicit state obscures the system’s latent dynamical structure, yields internal representa-
tions with limited physical meaning, and restricts the model’s ability to assess the plausibility or confidence
of its predictions. In contrast, models that maintain an explicit latent or observable state evolving through
a learned transition function provide a structured mechanism for long-horizon simulation, improved inter-
pretability, and compatibility with control frameworks such as MPC and reinforcement learning (RL).
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Because the state summarizes the system’s evolution, it can be corrected online whenever new measurements
arrive, stabilizing closed-loop operation and mitigating the error accumulation that affects purely input–
output models. This capability naturally supports Receding Horizon Control (RHC), where the controller
repeatedly updates the initial condition using the latest measurement or state estimate, computes an optimal
control sequence, and applies only the first action before replanning. In this sense, state-based world models
support both classical RHC and its interpretation as a moving-window forecasting scheme driven by updated
state estimates.

Industrial applications impose stringent requirements on learned dynamical models, particularly regarding
stability and uncertainty awareness. In real-world processes—such as cement production, waste incinera-
tion, or chemical processing—systems are typically operated in inherently stable regimes. Learned dynamics
should preserve this stability; otherwise, latent or predicted trajectories can become physically implausi-
ble and unusable for long-horizon prediction or control. At the same time, overconfident predictions can
drive systems into unsafe operating regions. As industrial datasets grow to months or years of multivariate
sensor measurements, quantifying epistemic uncertainty becomes increasingly important as a signal for ex-
trapolation beyond the data regime. Stability and uncertainty awareness are therefore deeply intertwined
requirements for trustworthy industrial decision-making.

Classical and data-driven control theory emphasize robustness and formal guarantees in both open- and
closed-loop settings Berberich & Allgöwer (2025). In contrast, many learning-based control approaches do
not explicitly enforce global dynamical properties, instead focusing on identifying and avoiding regions where
the model is unreliable Janner et al. (2019). From a control-theoretic perspective, this constitutes a weaker
notion of guarantee, as it does not establish global stability or performance bounds.

In energy-based formulations, model unreliability is naturally encoded by high-energy regions, which act as
implicit barriers in the state–action space. Model-based reinforcement learning (MBRL), by comparison,
typically does not require the learned dynamics to be globally stable, unbiased, or physically consistent.
The model mainly serves as a short-horizon simulator, and inaccuracies are tolerated as long as they do not
degrade policy performance within the finite rollout horizon. As a result, stability in MBRL is often handled
implicitly—through short rollouts, frequent replanning, or uncertainty-aware objectives—rather than by
imposing explicit constraints on the learned dynamics.

Recent work highlights the importance of uncertainty awareness in model-based decision-making. The
Robotic World Model (RWM) Li et al. (2025) employs an autoregressive dynamics model equipped with
ensemble-based epistemic uncertainty estimation. Deep ensembles Lakshminarayanan et al. (2017) provide
a scalable and widely adopted approach for uncertainty quantification, and the resulting uncertainty signal
is incorporated directly into the reward function to discourage policies from entering unreliable regions.
Similarly, Model-Based Policy Optimization (MBPO) Janner et al. (2019) mitigates compounding model
error by restricting synthetic rollouts to short horizons and filtering them using an uncertainty estimator.
Together, these approaches demonstrate that the usefulness of learned dynamics models depends not only
on predictive accuracy, but also on the ability to recognize when predictions are unreliable.

World Models World models aim to capture the dynamics of an environment to support simulative
reasoning and decision-making (Dawid & LeCun, 2024; Ha & Schmidhuber, 2018). For control applications, a
world model must support action-conditioned prediction and counterfactual evaluation, capabilities required
for MPC and model-based reinforcement learning.

Joint Embedding Predictive Architectures (JEPA) advocate a non-autoregressive, non-generative encoder–
encoder framework that predicts future latent states without reconstructing raw observations. However, as
noted in recent critiques Xing et al. (2025), many practical instantiations—including the latent world model
of Dawid & LeCun (2024)—remain autoregressive in operation, relying on recursive state propagation during
deployment.

A central claim in the JEPA framework is that deterministic latent-state prediction is sufficient, and that
decoding observations is unnecessary. This philosophy is exemplified by Time-Series JEPA Girgis et al.
(2024), where learning is performed entirely in latent space. In contrast, for industrial process control,
explicit reconstruction of future observations is essential. Predicted sensor trajectories carry direct physical
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meaning and are required for monitoring, validation, constraint handling, and control synthesis. While latent
representations are valuable for learning compact dynamics, they do not replace physically interpretable
predictions in safety-critical industrial settings.

Energy-Based Models Energy-Based Models (EBMs) are a flexible class of generative models (LeCun
et al., 2006; Ngiam et al., 2011; Carbone, 2024) that define probability distributions via an unnormalized
energy function, assigning lower energy to more plausible configurations. A key challenge in training EBMs is
the intractability of the partition function. Practical training strategies—including contrastive learning, score
matching, and MCMC-based methods—are reviewed in Song & Kingma (2021). EBMs have been applied
to probabilistic regression (Gustafsson et al., 2020) and trajectory-level planning (Du et al., 2019), where
Langevin dynamics refines multi-step predictions. These approaches demonstrate that explicitly representing
plausibility—rather than committing to a fixed parametric uncertainty model—can significantly improve
robustness, particularly under distribution shift.

Contributions and Overview In this work, we propose the Energy-Based Actionable World Model
(EBAWM), a hybrid world-modeling framework that explicitly separates predictive structure from uncer-
tainty evaluation. Our first contribution is to show that the geometry of a learned energy landscape encodes
meaningful dynamical structure and stability-related properties. By analyzing gradients and curvature of
the energy function, we obtain an uncertainty-aware signal that supports forecasting, stability analysis, and
implicit control via energy minimization.

Our second contribution is a control-oriented world-model architecture that combines recursive, action-
conditioned physical state propagation with an energy-based transition critic

Eθ(st, at, st+1),

which evaluates the plausibility of predicted transitions. Unlike approaches that use energy functions as
implicit dynamics models Girgis et al. (2024), EBAWM retains an explicit state–space formulation, enabling
stable long-horizon rollouts and direct integration with receding-horizon control (RHC), model predictive
control (MPC), and model-based reinforcement learning.

Our third contribution is a simple and stable energy-based modeling design that avoids representation
collapse by coupling the transition critic to a supervised deterministic forecaster. The deterministic prediction
loss shapes the latent state space, inducing structured, Markovian, action-conditioned representations that
provide a strong inductive bias for learning. This contrasts with purely self-supervised collapse-avoidance
strategies such as LeJEPA Balestriero & LeCun (2025), while remaining fully compatible with energy-based
learning.

Overall, uncertainty in EBAWM is represented through the geometry of the learned energy landscape rather
than by injecting stochasticity into the dynamics or relying on model ensembles. This design yields an
interpretable and uncertainty-aware world model suitable for online optimization and closed-loop decision-
making in control settings.

2 Related Work

This review is not intended to be exhaustive. We primarily focus on the reinforcement learning litera-
ture, where model-based approaches are often developed and evaluated in highly experimental settings. In
contrast, the system identification and control communities typically emphasize formal guarantees, inter-
pretability, and stability, which motivates a different set of modeling assumptions. Our work aims to bridge
these perspectives by drawing from recent advances in model-based RL while addressing requirements central
to control-oriented applications.

In the context of model-based reinforcement learning, a reference is the probabilistic dynamics model intro-
duced in Janner et al. (2019). Their approach, Model-Based Policy Optimization (MBPO), is built upon
an ensemble of neural network dynamics models {p1, . . . , pB}, where each member parametrizes a Gaussian
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distribution with diagonal covariance,

pi(st+1, r | st, at) = N
(
µi(st, at), Σi(st, at)

)
.

Each model in the ensemble captures aleatoric uncertainty through its output variance, while epistemic
uncertainty is handled via bootstrapping (Bickel & Freedman, 1981): different models are trained on different
resampled subsets of the data. This decomposition of uncertainty is crucial for reliable long-term predictions,
especially in regions where data are scarce and the learned model might otherwise be exploited by policy
optimization.

Energy-Based Models (EBMs) provide a conceptually different approach to learning Markovian state tran-
sitions. Instead of predicting a parametric distribution, an EBM assigns an energy to each transition, where
lower energy indicates higher plausibility. In this setting, epistemic uncertainty emerges implicitly: tran-
sitions in data-sparse regions naturally receive higher energy due to the lack of supporting evidence, while
transitions in well-sampled regions receive lower energy. Thus, the energy landscape encodes both plausibility
and model confidence without requiring an ensemble.

A particularly relevant formulation is the trajectory-level EBM introduced by Du et al. (2019), defined
within a Markov decision process ⟨S, A, T, R⟩. Instead of modeling the transition function T explicitly, they
parameterize an energy function Eθ(st, st+1) and interpret it as an unnormalized score for state transitions.
A trajectory is assigned energy by summing the local transition energies, with lower values corresponding to
trajectories more consistent with the data. Training proceeds via a contrastive objective that encourages real
transitions to have lower energy than perturbed negative samples. In their method, the energy function itself
serves as an implicit dynamics model: entire trajectories are optimized through iterative Langevin updates
that descend the energy landscape, enabling model-based planning without an explicit transition predictor.

A related line of work is Offline Transition Modeling via Contrastive Energy Learning Chen et al. (2024),
which proposes learning energy-based models of system transitions for offline reinforcement learning. In their
framework, an energy function is trained contrastively to assign low energy to observed state transitions
and higher energy to perturbed or out-of-distribution transitions. The resulting energy landscape is used
as an implicit dynamics model, enabling uncertainty-aware planning without explicitly parameterizing a
probabilistic transition distribution. However, despite motivating energy-based modeling as an alternative to
probabilistic dynamics and ensemble methods, Chen et al. (2024) ultimately relies on an ensemble of multiple
energy-based transition models during policy optimization. This reintroduces ensemble-based heuristics as a
mechanism for uncertainty handling, rather than deriving uncertainty directly from a single learned energy
landscape.

3 Energy-Based Models

A standard Energy-Based Model (EBM) (LeCun et al., 2006; Murphy, 2013) defines an energy function
Eθ(x) ∈ R, where x ∈ X and Eθ is parameterized by a deep neural network. EBMs specify unnormal-
ized densities in which lower energy corresponds to higher plausibility. The energy function induces an
unnormalized density via the Boltzmann distribution:

pθ(x) = exp[−Eθ(x)]
Z(θ) , Z(θ) =

∫
exp[−Eθ(x)] dx, (1)

where Z(θ) is the generally intractable partition function.

Inference with EBMs For dynamical systems, the basic unit of prediction is a state–action transition.
We therefore define a transition-level energy function

Eθ(st, at, st+1) ∈ R, (2)

which evaluates the plausibility of moving from state st to st+1 under action at. Transitions that align
with the true system dynamics should correspond to low energy, whereas implausible or out-of-distribution
transitions receive high energy.
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Under the Markov assumption, the next state depends only on the current state and action. This induces
an unnormalized conditional transition density:

pθ(st+1 | st, at) ∝ exp[−Eθ(st, at, st+1)] . (3)

Extending this idea to full trajectories, Du et al. (2019) factorize the trajectory density over consecutive
transitions. For a trajectory τ = (s1, . . . , sT ) with actions a1:T −1, the induced EBM assigns

pθ(τ) =
T −1∏
t=1

pθ(st+1 | st, at) ∝ exp
(

−
T −1∑
t=1

Eθ(st, at, st+1)
)

.

A point prediction (MAP estimate) of the next state is obtained by minimizing the transition energy:

ŝt+1 = arg min
s′

Eθ(st, at, s′). (4)

This yields the most plausible single-step transition under the learned energy landscape.

Training and Contrastive Loss Training an energy-based model by maximizing the log-likelihood,

max
θ

∑
i

log pθ(x(i)),

is generally challenging because the partition function Z(θ) is intractable for most choices of energy functions.
A common workaround is to model the score function of the distribution Hyvärinen (2005); Song & Ermon
(2019) rather than the density itself. The score of a distribution pθ(x) is

∇x log pθ(x)︸ ︷︷ ︸
score

= − ∇xEθ(x) + ∇x log Z(θ)︸ ︷︷ ︸
= 0 w.r.t. x

= − ∇xEθ(x),

where the derivative of the normalization constant vanishes because it is independent of x. Thus, when
computing gradients of the log-likelihood with respect to the data, only the negative energy term contributes.
This implies that contrastive energy objectives (such as the loss introduced later in equation 5) can be
optimized by gradient descent without ever evaluating or differentiating the partition function.

Because the partition function is intractable, EBMs are typically trained using contrastive learning meth-
ods that ensure observed (positive) transitions receive lower energy than artificially generated (negative)
transitions. Let

x+ = (st, at, st+1)

denote a positive transition from the data. Negative transitions x− may be generated by Gaussian per-
turbations, predictions from a deterministic dynamics model, or short-run Langevin dynamics. A common
contrastive loss is

Lcontrastive = Eθ(x+) + λ log
∑
x−

exp[−Eθ(x−)], (5)

where λ controls the balance between positive and negative samples. Negative transitions shape the energy
landscape, encouraging the model to discriminate real transitions from dynamically implausible alternatives.

Langevin sampling Because EBMs define unnormalized densities, sampling requires approximate meth-
ods. Langevin dynamics (Welling & Teh (2011), Du & Mordatch (2020)) performs stochastic gradient-based
exploration of the energy landscape:

x(k+1) = x(k) − ϵ

2 ∇zEθ(x(k)) +
√

ϵ ηk, ηk ∼ N (0, I), (6)
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where ϵ is a step size and ηk injects Gaussian noise at each step. Intuitively, Langevin dynamics can be
understood as follows: if the energy function E has a single minimum, starting from a random initial point
x(0), the gradient term guides the sample toward the minimum. The stochastic term spreads the samples
around the minimum, so repeated runs do not collapse to the exact same point. By performing multiple
iterations and using many independent chains, one can generate diverse samples that approximately follow the
underlying EBM density. From a theoretical perspective, Langevin diffusion and its discrete approximations
are known to converge exponentially fast to the target distribution under suitable regularity conditions,
providing a rigorous foundation for gradient-based sampling methods (Roberts & Tweedie, 1996).

In the context of transition energies, this procedure produces multiple plausible next states, which naturally
provides a form of uncertainty quantification over predicted system behavior. Short-run Langevin sampling
is typically used both to generate negative samples during training and to produce candidate transitions at
inference time.

4 Model Architecture

We adopt a plug-in hybrid architecture inspired by the Time–Energy Model (TEM) framework introduced
in Brusokas et al. (2025). A central feature of TEM is its modular design: a deterministic encoder–decoder
forecaster provides an explicit transition model, while an energy-based model (EBM) is attached on top
to evaluate the plausibility of candidate predictions, as shown in Fig. 1. This plug-in structure enables
the energy model to interface with any standard forecasting backbone without modifying the underlying
transition-learning mechanism. The model operates on state–action pairs X := (st, at), Y := st+1, where the
task is both to predict the next state and to assess whether the proposed transition is consistent with the
underlying system dynamics.

Figure 1: Hybrid architecture combining a deterministic forecaster with an energy-based model, adapted
from Brusokas et al. (2025). The design enables the use of any state-of-the-art forecasting backbone with
an accessible hidden state, while the deterministic model provides a reliable training signal that guides the
EBM toward dynamically consistent transitions.

Deterministic Transition Model The deterministic component FΨ serves as an explicit transition model
operating in state–space form:

FΨ : X → Y, ŝt+1 = FΨ(st, at).

It is implemented as an encoder–decoder neural network,

Ŷ = Ψŝ

(
Ψz,a(X)

)
,
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where Ψz,a embeds the state–action pair into a latent representation and Ψŝ maps this latent state to the
predicted next state.

During training, the deterministic model minimizes a mean-squared prediction error. Its primary roles are:
(i) to provide a strong inductive bias for learning system dynamics, and (ii) to supply informative negative
samples for the EBM during contrastive training.

Energy-Based Transition Model The energy-based model Eθ evaluates the compatibility of a candidate
transition (st, at, st+1) via

Eθ : X × Y → R.

Low energy values correspond to transitions that resemble observed system behavior, whereas high energies
indicate implausible or dynamically inconsistent transitions LeCun et al. (2006).

Following Du et al. (2019), the energy function induces an unnormalized conditional distribution by using
−Eθ(st, at, st+1) as the energy term in equation 3. This yields a probabilistic interpretation of transitions
without requiring explicit assumptions on noise structure or modality.

To couple the deterministic and energy-based components, the EBM shares the input encoder Ψz,a with the
forecaster while using its own output encoder θs and a joint decoder θzẑ:

Eθ(X, Y ) = θzẑ

(
[Ψz,a(X), θs(Y )]

)
,

where [·, ·] denotes concatenation.

Embedding Latent Variables and Avoiding Collapse A well-known challenge in energy-based
encoder–decoder architectures is representation collapse in the latent space, where the encoders z = Ψz,a(X)
and ẑ = θs(Y ) converge to constant or low-variance representations that trivially minimize the energy
function.

In the proposed hybrid architecture, this issue is mitigated by coupling the EBM to a deterministic transition
model that is straightforward to train. The supervised prediction loss imposed on FΨ induces a meaningful
latent structure in Ψz,a(X), which in turn regularizes the EBM and discourages degenerate solutions.

In contrast, recent work by Balestriero and LeCun Balestriero & LeCun (2025) proposes an explicit regu-
larization strategy to prevent collapse in purely self-supervised settings. Their LeJEPA framework enforces
that latent representations follow an approximately isotropic Gaussian distribution, ensuring non-degenerate
embeddings without relying on heuristics such as contrastive negatives or reconstruction losses.

While our approach relies on architectural coupling rather than explicit distributional regularization, both
strategies address the same fundamental issue: maintaining expressive and informative latent spaces in
predictive representation learning.

A central claim underlying the JEPA framework is that reconstructing raw observations (e.g., pixels in
video data) is unnecessary, and that learning directly in latent space is sufficient for downstream tasks. In
contrast, although our method performs self-supervised learning in a latent subspace, we explicitly retain
full reconstruction of the observed data. For industrial process control applications, predicting the evolution
of future sensor values is essential, as these quantities carry direct physical meaning and are required for
monitoring, validation, and closed-loop control—properties that the latent space alone does not provide.

4.1 Training

The hybrid model (Fig. 1) is trained in two stages. In the first stage, the deterministic forecaster FΨ is
trained while keeping all EBM parameters fixed. In the second stage, the forecaster is frozen and the energy-
based model Eθ is trained using a contrastive objective. The forecaster is optimized with a standard mean
squared error (MSE) loss, and both training and validation errors decrease monotonically, as expected.

Monitoring the contrastive loss of the EBM alone proved insufficient to assess training progress, as its
absolute value does not directly reflect improvements in the geometry of the learned energy landscape. To
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obtain more informative diagnostics, we evaluate the energy of perturbed transitions:

Eθ

(
s

(n)
t+1, s

(m)
t

∣∣∣ s
(2:N)
t , s

(2:N)
t+1 , at

)
,

which corresponds to substituting individual next states s
(n)
t+1 and current states s

(m)
t while conditioning on

the remaining batch elements and the action at.

Tracking the separation between the minimum-energy transition and these perturbed alternatives provides a
more reliable indicator of training progress than the contrastive loss alone, as it directly reflects the model’s
ability to discriminate dynamically consistent transitions from implausible ones.

Figure 2 illustrates the evolution of the learned energy landscape for a single sample (sample 100) over
epochs 1, 5, and 19. The red star indicates the energy minimum, which moves progressively closer to the
true sample location as training proceeds. The lower-right panel shows the evolution of the energy gaps
alongside the contrastive loss.

Figure 2: Evolution of the learned energy landscape during training for a single sample. Shown are transition
energies at different epochs, together with diagnostics based on energy gaps and the contrastive loss. The
lower-right panel shows the evolution of the energy gaps alongside the contrastive loss. The energy gaps are
computed by evaluating the energy at perturbed state components along two coordinate directions, denoted
as x-distance and y-distance. The minimum-energy prediction arg min Eθ is indicated by the red star in
the first three panels and is compared to the corresponding ground-truth transition (white circle). This
evaluation can be performed for all data points.

4.2 Prediction and Analysis

To estimate ŝt+1, we either use the deterministic transition model FΨ or the minimum-energy (MAP)
prediction of the EBM. In both cases, the deterministic prediction can be refined using short-run Langevin
sampling conditioned on (st, at) to obtain a probabilistic ensemble of plausible next states.
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In our experiments, both initialization strategies produced similar results, which is expected because
Langevin sampling is largely insensitive to the starting point provided it lies near a local minimum of
the energy function Eθ.

For analysis and visualization, predicted transitions are evaluated using the learned energy function in
equation 2. This induces a conditional energy landscape under the learned dynamics:

Ẽθ(st, at) = Eθ

(
st, at, FΨ(st, at)

)
. (7)

where ŝt+1 denotes the deterministic prediction. High values of Ẽθ(st, at) indicate transitions that are incon-
sistent with the learned dynamics and therefore signal increased uncertainty or risk in multi-step forecasts.
This landscape is visualized in Fig. 3 and Fig. 6.

4.2.1 Energy Landscape of a Second-Order System

Figure 3 compares learned energy landscapes and their associated gradient fields. Figure 3a corresponds to
a conservative mass–spring system (d = 0), while Fig. 3b shows a damped system (d = 0.05). In the conser-
vative case, the learned energy landscape captures the harmonic structure of the state variables—position
xt and velocity vt. Closed energy contours reflect the periodic nature of undamped oscillations. In contrast,
the damped system produces spiraling trajectories that converge toward the origin, and the learned energy
landscape correctly places its global minimum at st = (0, 0). Measured trajectories are shown as blue dots,
while recursive model rollouts obtained from the learned transition function FΨ are shown as black crosses.
This closed-loop simulation illustrates how the learned dynamics evolve within the energy landscape and its
gradient field.

4.2.2 LTI system with ten states and two inputs.

We evaluate our method on a linear time-invariant (LTI) system with nx = 10 states and two control inputs.
A total of 800 datapoints were generated for training using randomly excited input signals. Measurement
noise was added at 20 % of the signal standard deviation. Model quality is quantified using the normalized
root mean square error (NRMSE) fit criterion defined in equation 8, which expresses how well the model
reproduces the observed data relative to the mean of the signal. As a reference, we identify an LTI state-
space model using the MATLAB function ssest with the correct model order nx = 10. This baseline
achieves an average fit of fit (%) = 80.01%, which can be viewed as an upper performance bound since the
identification model matches the true data-generating structure. Our generic nonlinear EBM achieves an
average fit (%) = 66.48% across all states. The corresponding simulation results are shown in Fig. 4, with
a zoomed view of state 0 provided in Fig. 5. In these plots, black lines represent the measured trajectories,
blue lines show the mean prediction obtained from Langevin sampling, and gray points correspond to the
individual Langevin samples. For all experiments, we use a Langevin step size of 1e-2 and draw 100 samples,
whose mean is used as the final prediction.

fit (%) = 100

1 −

√∑N
i=1(yi − ŷi)2√∑N
i=1(yi − ȳ)2

 (8)

where yi are the true values, ŷi the predicted values, and ȳ the mean of the true values.

Energy Landscape and Stability Interpretation We analyze the reduced energy function Ẽθ induced
by the deterministic transition model and consider the associated vector field

F(st) := −∇st
Ẽθ(st, at),

where ∆ denotes the Laplacian. The divergence of F characterizes local stability properties of the induced
dynamics: negative divergence indicates locally contracting behavior, consistent with asymptotic stability
near energy minima, while positive divergence corresponds to locally expanding and unstable regions. A

9



Under review as submission to TMLR

(a) Conservative system: learned energy landscape and corresponding gradient field.

(b) Damped system: learned energy landscape and corresponding gradient field.

Figure 3: Comparison between conservative (a) and damped (b) systems.

divergence close to zero indicates approximately conservative, energy-preserving dynamics, as observed for
undamped oscillatory systems.

Setpoint Tracking via Energy Augmentation As a brief remark, the proposed framework also admits
a straightforward mechanism for setpoint regulation. To steer the system toward a desired setpoint sset, we
augment the transition energy with a quadratic tracking penalty:

Etrack(st, at, st+1) = Eθ(st, at, st+1) + λ∥st+1 − sset∥2, (9)

where λ > 0 controls the trade-off between transition plausibility and setpoint tracking.

The resulting implicit control law is

a⋆
t = arg min

at

Etrack
(
st, at, FΨ(st, at)

)
, (10)

which selects actions whose predicted transitions both remain in low-energy regions of the learned dynamics
and move the system toward the desired operating point.
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Figure 4: LTI validation. Simulation results for all 10 states. Black curves show the measured signals, blue
curves show the mean prediction obtained from Langevin samples, and gray dots indicate the individual
samples. The fit for each state is reported above the corresponding subplot, with an overall average of
fit (%) = 66.48%. The Langevin sampling parameters are step_size = 1e-2 and n_samples = 100. A
zoomed view of state 0 is shown in Fig. 5.

Figure 5: Zoomed view of output 0 from Fig. 4.

5 Conclusion and Outlook

In this work, we introduced the Energy-Based Actionable World Model (EBAWM), a hybrid world-model
architecture designed for recursive state evolution, long-horizon forecasting, and actionable decision-making
in control settings. By combining a deterministic, action-conditioned state-transition model with an energy-
based transition critic, EBAWM explicitly separates predictive structure from uncertainty evaluation. This
design enables stable multi-step rollouts while preserving an interpretable and physically meaningful notion
of state.
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(a) Left subfigure caption. (b) Right subfigure caption.

Figure 6: Energy field of the 10-dim LTI system plotted in two dimensions the other states have random
values.

Unlike purely input–output predictors or implicit energy-only dynamics models, EBAWMM maintains an
explicit state-space formulation that is compatible with RHC, model predictive control, and model-based
reinforcement learning. The learned energy landscape provides an uncertainty-aware measure of transition
plausibility, allowing the model to identify dynamically inconsistent or out-of-distribution behavior without
relying on ensembles or parametric noise assumptions. Through experiments on nonlinear and linear dynami-
cal systems, we demonstrated that the geometry of the energy landscape captures meaningful stability-related
properties and supports both analysis and control via energy minimization.

In its current form, EBAWM propagates the mean of the predicted state forward in time, while uncer-
tainty is evaluated locally through the energy function. This design choice is well aligned with classical
state estimation and control: when transition uncertainty is approximately Gaussian, mean propagation is
optimal in the minimum-variance sense and underpins widely used methods such as the Kalman filter and
certainty-equivalent MPC. However, for strongly non-Gaussian, multi-modal, or asymmetric transition dis-
tributions, propagating only the mean may be insufficient to fully capture the evolution of uncertainty over
long horizons. Addressing this limitation— for example by coupling energy-based evaluation with particle-
based propagation, moment-matching beyond second order, or distributional rollout strategies—represents
an important direction for future research.

Future work will focus on evaluating EBAWM on real-world industrial process data, where long time hori-
zons, sensor noise, drift, bias, intermittent failures, and non-stationary operating conditions pose significant
challenges. In such settings, the ability to maintain stable recursive state evolution while exposing actionable
uncertainty signals is critical for safe and reliable deployment.

A particularly promising direction is anomaly detection. Because anomalous or faulty system behavior nat-
urally corresponds to transitions that lie in high-energy regions of the learned landscape, EBAWM provides
an intrinsic mechanism for detecting deviations from nominal dynamics. Integrating energy-based anomaly
scores with control and monitoring pipelines could enable early fault detection, uncertainty-aware alarms,
and graceful degradation strategies in safety-critical industrial systems.

Beyond anomaly detection, future extensions include incorporating explicit control constraints, exploring
adaptive energy shaping for robust control, and studying formal stability guarantees induced by the learned
energy function. Together, these directions position EBAWM as a step toward trustworthy, uncertainty-
aware world models for industrial control and decision-making.

12



Under review as submission to TMLR

References
Randall Balestriero and Yann LeCun. Lejepa: Provable and scalable self-supervised learning without the

heuristics. arXiv preprint arXiv:2511.08544, 2025.

Julian Berberich and Frank Allgöwer. An overview of systems-theoretic guarantees in data-driven model
predictive control. Annual Review of Control, Robotics, and Autonomous Systems, 8(1):77–100, 2025.

Peter J Bickel and David A Freedman. Some asymptotic theory for the bootstrap. The annals of statistics,
9(6):1196–1217, 1981.

Jonas Brusokas, Seshu Tirupathi, Dalin Zhang, and Torben Bach Pedersen. The time-energy model: Selective
time-series forecasting using energy-based models, 2025.

Davide Carbone. Hitchhiker’s guide on energy-based models: A comprehensive review, 2024.
arXiv:2406.13661.

Ruifeng Chen, Chengxing Jia, Zefang Huang, Tian-Shuo Liu, Xu-Hui Liu, and Yang Yu. Offline transition
modeling via contrastive energy learning. In Forty-first International Conference on Machine Learning,
2024.

Anna Dawid and Yann LeCun. Introduction to latent variable energy-based models: A path towards au-
tonomous machine intelligence. Journal of Statistical Mechanics: Theory and Experiment, 2024. doi:
10.1088/1742-5468/ad292b.

Yilun Du and Igor Mordatch. Implicit generation and generalization in energy-based models, 2020.
arXiv:1903.08689.

Yilun Du, Toru Lin, and Igor Mordatch. Model-based planning with energy-based models. In Conference
on Robot Learning (CoRL), 2019.

Abanoub M Girgis, Alvaro Valcarce, and Mehdi Bennis. Time-series jepa for predictive remote control under
capacity-limited networks. arXiv preprint arXiv:2406.04853, 2024.

Fredrik K. Gustafsson, Martin Danelljan, Radu Timofte, and Thomas B. Schön. How to train your energy-
based model for regression. In British Machine Vision Conference (BMVC), 2020.

David Ha and Jürgen Schmidhuber. World models, 2018. arXiv:1803.10122.

Aapo Hyvärinen. Estimation of non-normalized statistical models by score matching. Journal of Machine
Learning Research, 6:695–709, 2005.

Michael Janner, Justin Fu, Marvin Zhang, and Sergey Levine. When to trust your model: Model-based
policy optimization. In Advances in Neural Information Processing Systems (NeurIPS), 2019.

Balaji Lakshminarayanan, Alexander Pritzel, and Charles Blundell. Simple and scalable predictive uncer-
tainty estimation using deep ensembles. Advances in neural information processing systems, 30, 2017.

Yann LeCun, Sumit Chopra, Raia Hadsell, Marc’Aurelio Ranzato, and Fu-Jie Huang. A tutorial on energy-
based learning. In Predicting Structured Data. MIT Press, 2006.

Chenhao Li, Andreas Krause, and Marco Hutter. Offline robotic world model: Learning robotic policies
without a physics simulator, 2025. arXiv:2504.16680.

Daniele Masti and Alberto Bemporad. Learning nonlinear state–space models using autoencoders. Auto-
matica, 129:109666, 2021. doi: 10.1016/j.automatica.2021.109666.

Kevin P. Murphy. Machine Learning: A Probabilistic Perspective. MIT Press, 2013.

Jiquan Ngiam, Zhenghao Chen, Pang W Koh, and Andrew Y Ng. Learning deep energy models. In Proceed-
ings of the 28th international conference on machine learning (ICML-11), pp. 1105–1112, 2011.

13



Under review as submission to TMLR

Gareth O Roberts and Richard L Tweedie. Exponential convergence of langevin distributions and their
discrete approximations. 1996.

Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the data distribution. In
Advances in Neural Information Processing Systems (NeurIPS), 2019.

Yang Song and Diederik P. Kingma. How to train your energy-based models, 2021. arXiv:2101.03288.

Max Welling and Yee Whye Teh. Bayesian learning via stochastic gradient langevin dynamics. In Proceedings
of the International Conference on Machine Learning (ICML), 2011.

Eric Xing, Mingkai Deng, Jinyu Hou, and Zhiting Hu. Critiques of world models. arXiv preprint
arXiv:2507.05169, 2025.

14


	Introduction
	Related Work
	Energy-Based Models
	Model Architecture
	Training
	Prediction and Analysis
	Energy Landscape of a Second-Order System
	LTI system with ten states and two inputs.


	Conclusion and Outlook

