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Bounding Distributional Shifts in World Modeling
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Abstract— Recent work on visual world models shows signifi-
cant promise in latent state dynamics obtained from pre-trained
image backbones. However, most of the current approaches are
sensitive to training quality, requiring near-complete coverage
of the action and state space during training to prevent
divergence during inference. To make a model-based planning
algorithm more robust to the quality of the learned world
model, we propose in this work to use a variational autoencoder
as a novelty detector to ensure that proposed action trajectories
during planning do not cause the learned model to deviate from
the training data distribution. To evaluate the effectiveness of
this approach, a series of experiments in challenging simulated
robot environments was carried out, with the proposed method
incorporated into a model-predictive control policy loop extend-
ing the DINO-WM architecture. The results clearly show that
the proposed method improves over state-of-the-art solutions
in terms of data efficiency.

I. INTRODUCTION

With the increased adoption of deep learning in robotics,
world models are becoming a popular approach in model-
based planning [1], [2]. World models make use of pre-
trained vision models to obtain latent representations of
a robot’s environment, replacing previous manually-crafted
features [3]. The popularization of transformers and other
recent architectures made it possible to represent the state of
an environment as latent features derived from structured,
multimodal data. The same techniques that can generate
entire video sequences from a single image frame can also
find applications in planning problems in robotics, where
the planner should predict how an environment evolves,
conditioned on a series of actions [4].

However, the growing reliance on learned models in
planning means that the performance of these planners is
near-completely determined by the quality of the learned
model. Training a reliable world model requires sufficient
data to cover the various state-action cases a planner could
query [5]. For many planners that sample random trajec-
tories, such as MCTS and CEM, this means exhaustive
coverage of all trajectories and states. With the increase
in available computing power, it has become possible to
achieve such coverage in controlled environments. However,
in most cases, it is impractical to gather enough data for total
coverage. Furthermore, in complex environments there may
be unknown special cases that gathering data with a random
policy may fail to cover [6], [7]. The possibility of such
special cases being present means that, in practice, world
models always have gaps in their knowledge.
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To address this distribution shift in action trajectories with
a world model between training and inference, we propose
in this work to train a novelty detection model on the
same dataset provided to the world model, such that every
prediction by the world model is accompanied by a metric
showing how far it is from the training data. The result can
then influence the planner to avoid trajectories that do not
lead to high-confidence predictions from the world model.

Parallel to the development of world models, novelty
detection has also benefited from progress in deep learning.
Where previously novelty detection relied upon statistical
methods and manual feature extraction that varied con-
siderably depending on context and type of data, current
implementations take advantage of learned models such as
autoencoders to directly train on data [8]. This means that
it is possible to perform novelty detection in a data-driven
manner, in which the distribution of non-anomalous data is
defined by provided training data. Although novelty detection
is used primarily to analyze existing data, it can also be used
to provide a confidence metric for another predictive model.

We present WM-VAE, an image-based world model with
a novelty detection component that feeds into a high-level
planner. Our main contributions are:

e A variational autoencoder (VAE) that we use as a
novelty detection component for a world model. The
VAE receives as input the predicted world state and
outputs a reconstruction of the state. From both the
input and output, a reconstruction loss is derived during
inference.

e A planner that uses per-action costs based on the
reconstruction loss returned by the novelty detection
component. Planning algorithms that randomly sample
action trajectories such as CEM typically compare the
end state with a goal state to derive the cost of an action
trajectory. With this approach, the reconstruction loss
of each predicted latent state is treated as the per-action
cost for each action in a trajectory.

The proposed technique is evaluated on challenging bench-
marks in simulation that involve manipulating non-rigid
objects and a large number of granular objects. The results
of the experiments clearly show that our proposed novelty
detection and planning mechanisms significantly improve the
performance of the recent world-model architecture known
as DINO-WM [9].
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Fig. 1: Depiction of potential action trajectories a planner
may sample, along with predicted states in the latent space
(a). Novelty detection is implemented through use of a
variational autoencoder (VAE) such that out-of-distribution
states incur higher reconstruction loss than in-distribution
states (b).

II. RELATED WORKS
A. Deep model-based planning

Contemporary model-based planning algorithms often
use deep learning techniques to obtain latent features as
states [10], [11]. The models are typically trained offline,
taking advantage of off-board computing and existing large
datasets [12]. To lessen the computational requirement for
these models, it is common practice for planning algorithms
working with image data to include a pretrained backbone
to extract features from the input [9].

An issue facing model-based planning algorithms is how
to ensure that generated trajectories are physically feasi-
ble [13]. Many algorithms use a receding horizon in the
future to search for a desirable action trajectory. As predic-
tions are generated autoregressively, errors can accumulate
such that predictions in the far future become unreliable.
One method to bypass this in planning is to use model-
predictive control (MPC): execute the first few actions in
the predicted trajectory, then re-plan starting from the new
state [14]. However, this does not solve the underlying issue
of unreliable future predictions, which our method directly
addresses.

B. World modeling

Since their inception, world models have shown promise in
handling complex simulated environments [15]. A common

task for these models is to predict the physical dynamics
of a given scene [16]. Some methods explicitly model
environments as a dynamical system [17]. Others frame the
problem as a form of video prediction, where sequences of
images are interpolated or extrapolated [18], [19].

Because their predictions may be used as input to autore-
gressively predict future horizons, world models are sensitive
to training and can degrade in performance during inference
when predicting novel action trajectories of unseen states.
Specifically, prediction errors that are introduced with each
pass go on to influence further predictions, leading to a sharp
decline in model performance [20]. A common tactic to
reduce the degradation in performance over long trajectories
is to introduce a frame-skip hyperparameter, in which the
model is trained to take multiple actions concatenated to
predict the latent state multiple steps into the future [21].
There are also efforts to predict entire action trajectories
in one pass, using diffusion models [22]. This eliminates
autoregressive predictions altogether and the compounding
error problem. Again, these approaches do not directly
address the unreliability of future world model predictions,
since they effectively enlarge the action space in order to
decrease the prediction horizon.

C. Novelty detection

Also known as anomaly detection, novelty detection refers
to the identification of data outside an expected distribution.
Autoencoders are one of the most common ways to imple-
ment novelty detection with a learned model, particularly
the variational autoencoder (VAE) [23] [24]. It has many use
cases, such as in intrusion detection and fraud detection [25].
In particular, it has even been used to detect anomalous
GPS trajectories of vehicles [26]. Novelty detection has also
been used as a confidence measure for other learned models
such that a fallback policy may be substituted for a primary
model whose output shows anomalous characteristics [27].
Our method builds upon these applications by using novelty
detection in a planning loop to compute a policy.

When an autoencoder is used as part of novelty detection,
the most common way to measure the score of a data sample
is through reconstruction loss, where the mean-squared error
(MSE) between the sample and its reconstruction is used
as a similarity metric. Other reconstruction metrics can be
used to calculate the score, especially for structured data like
images [28]. Since our novelty detection model operates in
the latent space, the original MSE reconstruction loss is used.

III. APPROACH

We present WM-VAE, a DINOv2 model-based planning
algorithm that uses a VAE-based novelty detection model
to address the problem of distribution shift in dynamic
models. During inference, a planning algorithm uses the
world model to predict future states given a sequence of
actions. Each predicted future state becomes an input to the
novelty detection model. From the output, a per-action cost is
derived and added to the total cost at the end of the planning
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Fig. 2: Overview of the world model architecture, along with the novelty detection component

horizon. We present in the following the three components
of WM-VAE.

A. World Model

The world model, depicted in Fig. 2, is based on the
DINO-WM architecture [9]. Like DINO-WM, it consists of
two modules. RGB images are first encoded into a latent
representation using an encoder model. All prediction is
then done in the latent space, with a transition model au-
toregressively generating future latent states, given an action
trajectory. Formally, given an input image I, let

z = f(I1;0), (1)

where f is a function with learnable parameters 6 that
maps [ to a latent representation z. Separately, given a latent
representation z; and an action a;, let

(2)

where ¢ is a function with learnable parameters 6 that maps
a sequence of latent states z;_p41.; and actions a;_gr41.; to
a new latent state z;1 ;. H is a hyperparameter representing
the size of the sliding window of past states available to g.
The encoder consists of a pretrained DINOv2 network that
maps image data into a sequence of patches [29]. DINOv2
has demonstrated the ability to produce rich embeddings
that are capable of representing the latent state of a world
model without needing to be trained specifically on image
observations for a given environment [9]. The weights of
DINOV2 are frozen during training, without any fine-tuning.
The transition model uses a Vision Transformer (ViT)
that operates on the sequence of patches representing the
latent space to produce another sequence of patches rep-
resenting the latent state corresponding to the predicted
future state [30]. Low-dimensional data, such as actions
and, optionally, proprioceptive data, are encoded with a
linear transformation layer and appended to each patch.
The final sequence of patches becomes the input to the
vision transformer. Through experimentation, it was found
that adding a dropout layer before the ViT increases the
performance and stability of the transition model [9].

Zit1 = 9(Zi— Ht1:4, GimH41:43 0),

B. Novelty Detection Model

The novelty detection model consists of a variational
autoencoder (VAE). Like all autoencoders, a VAE is trained
to output a reconstruction y from its input z, but with
the additional assumption that all encountered inputs are
derived from latent representations sampled from a normal
distribution. Compared to a classic autoencoder, a VAE has
a well-behaved latent space, which is suited to modeling the
state space of a world model. Specifically, its probabilistic
nature favors smooth transitions between state representa-
tions where uncertainty may be a factor [31].

In order to adapt the VAE to the patch representation of the
latent space, the network is made using convolution layers,
as is done with other networks operating on image data [32].
The decoder half consists of transposed convolution layers,
also known as deconvolution layers [33]. Reconstruction loss
L, is defined as:

L.=MSE(y, z) (3).

For a given environment, the VAE is trained on latent
states encoded from the same images used to train the world
model. One intended consequence of this approach is that
the VAE will not be able to reconstruct states that are not
represented in the training data, thus reducing the ability of
the model to generalize to unseen states. This is intentional,
as the world model would not encounter those states during
training either. Therefore, the reconstruction loss from the
VAE acts as a measure of confidence in the world model for
a given prediction.

C. Planning Algorithm

Since the world model does not directly predict action
trajectories that lead to a desired goal state, a higher-
level planning algorithm is necessary to obtain the desired
action trajectory. The cross-entropy method (CEM) is used
to search the action space, optimizing an action trajectory.
Action trajectories are sampled from a multivariate Gaussian
distribution. The transition model autoregressively predicts
future latent states. The final latent state is compared to the



Algorithm 1 Proposed CEM Planner

Require: Initial state z;, given as an RGB image embedding
Require: Goal state z4, given as an RGB image embedding
Initialize action trajectory distribution D to A/(0, 1)
while D not converged do
Sample a list A of n trajectories from D
Initialize costs C' of the trajectories in A to 0
for k € [1,n] do
for i € [1,T] do
ziy+1 + WorldModel(z;, A[k];)
Yir1 < VAE(2i41)
L7 4= MSE(Yit1, 2i41)
C[k] + C[k] +wL; "
end for
Ly < MSE(z741,24)
Clk] + Clk] + Ly
end for
Find elite samples A’ from A ranked based on C
D + N (A", Var(4"))
end while
return A

goal state, given as an image, and a cost L is derived. The
final cost of the action trajectory L is a weighted sum of
L, and the reconstruction loss LZi of every predicted latent
state z;.

L=Ls+w) L. (4)

w represents the weight that each per-action reconstruction
loss term is assigned.

Elite trajectory samples (i.e., those with lowest total cost)
are used to recalculate the probability distribution, and the
process repeats, as detailed in Algorithm 1. Formally, given
a collection of elite trajectory samples A’, the updated
probability distribution is given as:

a~N(A Var(4')).

Notably, the multivariate Gaussian distribution used in our
approach is calculated from element-wise variances instead
of a covariance matrix. This modification was found to
be more numerically stable over multiple iterations without
sacrificing the generality of the distribution [9].

In the context of planning, the reconstruction loss is
analogous to the regularization component of many loss
functions, in that it acts to moderate a predictive model and
improve its ability to generalize to unseen cases.

IV. EXPERIMENTS
A. Setup

To evaluate the performance of the proposed approach, we
carried out several experiments in the following simulated
environments using NVIDIA FleX.

1) Granular - an environment with a collection of small
particles that a robot arm pushes.
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Fig. 3: Environments in which WM-VAE is evaluated. From
left to right: Granular, Rope, and Cloth.
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Fig. 4: Overview of the CEM planner, showing the iterative
optimization of trajectories in relation to the world model.

2) Rope - an environment with a length of rope that a

robot arm pushes.

3) Cloth - an environment with a square of cloth that a

robot arm grabs and places.

An action is a planar motion defined by the starting posi-
tion of the robot arm end-effector and the ending position of
the robot arm end effector. In all scenarios, the end-effector
positions are two-dimensional, as each motion is performed
in a planar workspace. An observation is a rendered RGB
image of the environment. No proprioceptive data is used
from the simulated environments. The length of the sliding
window H is set to 1. This means that the world model
receives only the last frame to predict the next frame.

Prior works on world models have found it beneficial to
introduce a frame-skip hyperparameter £, in which F’ actions
are concatenated together to be treated as a single action and
used by the world model to predict F' steps into the future
in one pass [21]. This is especially effective in environments
where observations change little between frames. Given the
action spaces of the FleX environments consist of whole
motions rather than incremental delta commands, no frame-
skip is used in this setup, which is equivalent to F' = 1.

B. Training

For each environment, the entire model is trained on
actions and observations generated from a random policy.
Compared to prior works, the training dataset is smaller
in order to study the influence of novelty detection on an
imperfect world model.

1) Granular - 100 training trajectories with 20 frames
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Fig. 5: Graphs showing how Chamfer distance changes as reconstruction loss weight increases for various environments

2) Rope - 1000 training trajectories with 20 frames
3) Cloth - 100 training trajectories with 5 frames

C. Evaluation

1) Quantitative Results: To measure the effectiveness of
the novelty detection model, rollouts are performed with and
without the reconstruction loss derived from the predicted
latent states. The Chamfer Distance (CD) between the goal
state and the end state is used as a metric, as it is commonly
used to represent the distance between two point clouds. In
the case of the simulated environments, the point clouds are
composed of the particles that make up the scene in the FleX
environment. Each method is performed with 5 different
scenes. The Chamfer distances are then averaged across the
scenes to obtain the final score. Table I displays the results,
which suggest that the addition of the novelty detection
component improves the performance of the planner.

In addition to directly comparing the performance of
DINO-WM with and without the per-state reconstruction
loss, several ablation experiments are performed. Table II
compares the performance of the world model when the
backbone network used in the image encoder is replaced with
a pretrained ResNet backbone. To adapt the novelty detection
model to the ResNet embeddings, the VAE is modified with
fully-connected layers replacing the convolutional layers. As
DINOV2 has demonstrated state-of-the-art performance as a
general-purpose image encoder, it is expected that it is more

TABLE I: Comparison of Euclidean and Chamfer distance
between our proposed novelty detection technique WM-VAE
and the state-of-the-art DINO-WM [9]

Method Granular CD  Rope CD  Cloth CD
DINO-WM [9] 0.391 1.394 9.228
WM-VAE (ours) 0.362 1.014 5.372

TABLE II: Comparison of Chamfer distance across different
image encoders

Backbone Granular CD  Rope CD  Cloth CD
WM-VAE with ResNet 0.660 1.403 7.393
WM-VAE with DINOv2 0.362 1.014 5.372

TABLE III: Comparison of Chamfer distance across different
reconstruction loss weights

Weight  Granular CD Rope CD  Cloth CD
0 0.391 1.394 9.228
0.125 0.422 1.014 7.401
0.25 0.362 1.146 5.372
0.375 0.366 1.168 8.246
0.5 0.388 1.297 6.109

effective at encoding images into a latent representation than
prior methods.

Another experiment showcases the effect of changing the
weight hyperparameter that determines how much the nov-
elty detection model influences the trajectory cost. Table III
is an example of how past a certain point, increasing the
novelty weight reduces the performance of the planning
algorithm. We speculate that as the reconstruction loss term
dominates the trajectory loss, the goal signal becomes less
influential, causing the CEM planner to behave erratically
and not converge toward the goal state. Another possibil-
ity is that the optimal weight hyperparameter for a given
trained world model may differ depending on the overall
performance of the world model with respect to the novelty
detection model. A world model whose predicted latent states
regularly produce high reconstruction losses may require a
smaller reconstruction loss weight than a world model whose
predicted latent states have low reconstruction loss.

2) Qualitative Results: To provide qualitative results and
aid in debugging, a decoder network is trained separately
to convert latent states back into images [9]. The decoder is
based on that of VQ-VAE, and it is trained by reconstructing
images encoded by the pretrained DINOv2 encoder [34].

Qualitatively, the predicted latent states produced by the
output action trajectories in which reconstruction loss is
applied are closer to actual observation during rollout than
the predictions in which no reconstruction loss is applied.
This is expected, as the additional reconstruction loss cost
term penalizes the planner for straying far from the dataset on
which the novelty detection model is trained. Since the world
model and novelty detection model are trained on the same
dataset, the latent states that are poorly reconstructed by the
novelty detection model are likely to be out-of-distribution
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Fig. 6: Rollout images comparing actual with predicted states in various environments. For each example, the top row
contains the actual observed states, and the bottom row the predicted states visualized by the decoder. The last column of

each row contains the goal state.
in the context of the world model.

V. CONCLUSION

Novelty detection offers significant benefits for planning
algorithms that use world models. By imposing costs for
straying from in-distribution states, planners can avoid tra-
jectories that are not adequately covered by training data.

Thus, such an approach mitigates the effects of an imperfect
world model on planning, as demonstrated by our simulation
experiments on challenging robot manipulation problems.
One limitation of this approach is that it biases against
unseen states in favor of reliability. Further exploration in
this direction may involve investigating the impact of world



model quality on planning with novelty detection.
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