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Summary

Model-based reinforcement learning distinguishes between dynamics models operating on
proprioceptive states and latent dynamics models typically operating on high-dimensional im-
age observations. Among the latter, Dreamer’s Recurrent State Space Model (RSSM) has
emerged as a dominant architecture. While ensemble-based epistemic uncertainty has proven
effective in proprioceptive dynamics for mitigating model exploitation, guiding exploration,
or promoting caution, its behavior in latent dynamics remains largely unexplored. Our ex-
periments reveal that although ensemble disagreement captures local epistemic uncertainty, it
does not reliably reflect global compounding model error accumulated over prolonged RSSM
latent rollouts. We provide evidence for an attractor behavior that draws rollouts toward well-
supported latent regions, where uncertainty diminishes despite increasing discrepancies from
the true environment dynamics. This can cause the model to overestimate returns when attrac-
tor regions correspond to high-reward behaviors. Our findings reveal a structural limitation of
epistemic uncertainty estimation in RSSMs and challenge the assumption that epistemic un-
certainty estimation transfers directly from proprioceptive to latent dynamics.

Contribution(s)

1. Latent Attractor Behavior. We provide empirical evidence that Recurrent State Space Mod-
els (RSSMs) can exhibit an attractor behavior, where latent transitions are biased toward
well-supported latent regions that may diverge from the true environment dynamics.
Context: Proprioceptive dynamics models typically accumulate prediction errors during
prolonged rollouts, leading to increasingly unstable predictions.

2. Limits of Epistemic Uncertainty. Although ensemble disagreement reliably captures local
epistemic uncertainty, we demonstrate that the attractor behavior can decouple uncertainty
estimates from global trajectory-level model error in RSSM latent rollouts.

Context: Ensemble-based epistemic uncertainty quantification is well-established for pro-
prioceptive dynamics models and is often transferred directly to latent dynamics models
without a careful analysis of its reliability.

3. Return Overestimation in Latent Rollouts. We observe that the attractor behavior can result
in overly optimistic return predictions in RSSM latent rollouts when attractor regions coin-
cide with high-reward behaviors.

Context: This high-reward bias during imagination may distort policy learning by rein-
forcing overconfident behaviors that do not correspond to true environment outcomes.
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Abstract

Model-based reinforcement learning distinguishes between dynamics models operat-
ing on proprioceptive states and latent dynamics models typically operating on high-
dimensional image observations. Among the latter, Dreamer’s Recurrent State Space
Model (RSSM) has emerged as a dominant architecture. While ensemble-based epis-
temic uncertainty has proven effective in proprioceptive dynamics for mitigating model
exploitation, guiding exploration, or promoting caution, its behavior in latent dynam-
ics remains largely unexplored. Our experiments reveal that although ensemble dis-
agreement captures /ocal epistemic uncertainty, it does not reliably reflect global com-
pounding model error accumulated over prolonged RSSM latent rollouts. We provide
evidence for an attractor behavior that draws rollouts toward well-supported latent re-
gions, where uncertainty diminishes despite increasing discrepancies from the true en-
vironment dynamics. This can cause the model to overestimate returns when attractor
regions correspond to high-reward behaviors. Our findings reveal a structural limitation
of epistemic uncertainty estimation in RSSMs and challenge the assumption that epis-
temic uncertainty estimation transfers directly from proprioceptive to latent dynamics.

1 Introduction

Reinforcement Learning (RL) provides a powerful framework for solving complex control prob-
lems (Berner et al., 2019; Degrave et al., 2022). Model-Based Reinforcement Learning (MBRL)
addresses the sample inefficiency of standard RL by learning a parametric model of the environment
dynamics to generate artificial interaction data for policy learning. Within the MBRL literature, we
distinguish between proprioceptive dynamics models (Chua et al., 2018), which operate on proprio-
ceptive inputs, and latent dynamics models, which typically learn compact state representations from
high-dimensional image observations (Finn & Levine, 2017; Ha & Schmidhuber, 2018). Among la-
tent approaches, Dreamer (Hafner et al., 2019a; 2020; 2023) has established the Recurrent State
Space Model (RSSM) (Hafner et al., 2019b) as a dominant architecture for vision-based MBRL.
While alternative latent dynamics have been proposed (Hansen et al., 2024; Zhou et al., 2024; Ass-
ran et al., 2025), RSSMs remain a widely employed and computationally efficient baseline.

A central question in MBRL is whether model-based rollouts provide reliable predictions for
decision-making, as compounding model error can deteriorate policy learning (Janner et al., 2019;
Yu et al., 2020). Ensemble-based epistemic uncertainty quantification is widely leveraged to iden-
tify unreliable model predictions (Lakshminarayanan et al., 2017). While this local epistemic un-
certainty has been shown to be informative about global trajectory-level model error accumulated
during rollouts in proprioceptive dynamics models (Janner et al., 2019; Yu et al., 2020; Frauenknecht
et al., 2024), this relationship is often implicitly assumed to transfer to latent dynamics (Wang et al.,
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2020; Zhu et al., 2020; Seyde et al., 2020; Filos et al., 2022; Seo et al., 2025; Liu et al., 2026). In
this work, we study whether this relationship transfers to RSSMs and provide, to the best of our
knowledge, the first systematic analysis of epistemic uncertainty quantification in this setting. We
summarize our findings below, conceptually illustrated in Fig. 1:

(i) RSSM latent rollouts can exhibit an attractor behavior, where transitions are biased toward
well-supported regions in latent space that may diverge from the true environment dynamics.

(ii) The attractor behavior can mask discrepancies between latent and environment dynamics,
causing epistemic uncertainty estimates to become decoupled from compounding model error.

(iii) Attractor regions may coincide with high-reward behaviors, causing RSSM latent rollouts to
predict overly optimistic returns.
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Figure 1: Conceptual illustration of our key findings. For an RSSM and a proprioceptive proba-
bilistic ensemble (PE) model, the left subplots show PCA-embedded transition dynamics with an
exemplary rollout initialized from an out-of-distribution state. The right subplots show propriocep-
tive discrepancy, which is the mismatch between predicted and true proprioceptive states under the
same action sequence, and ensemble-based epistemic uncertainty. While the PE rollout becomes un-
stable with increasing prediction error and high uncertainty, the RSSM rollout converges to familiar
latent regions, where uncertainty diminishes despite elevated proprioceptive discrepancy.

2 Background

In the following, we introduce the foundations of Reinforcement Learning (RL), Recurrent State
Space Models (RSSMs), and uncertainty quantification.

2.1 Reinforcement Learning under Full and Partial Observability

Reinforcement Learning (RL) addresses sequential decision-making via agent—environment inter-
action. For an observable proprioceptive environment state s, € S, the control problem can be
formulated as a Markov Decision Process (MDP) (Barto & Sutton, 2018). At each step, the agent
selects an action a; ~ 7(- | s;), after which the environment provides the next state and reward
St+1,7t ~ p(-, - | s¢,a;). The objective is to learn a policy maximizing the expected discounted
return E. (3°,7, 7'r,) with discount factor 0 < v < 1. In Model-Based Reinforcement Learning
(MBRL), a learned model p(s;11 | s¢,a;) approximates the unknown environment dynamics and
enables planning or simulated interactions. Early approaches employ Gaussian processes (Deisen-
roth & Rasmussen, 2011), local linear models (Levine & Koltun, 2013), and deterministic neural
networks (Williams et al., 2017; Nagabandi et al., 2018). Recent successful MBRL methods on
proprioceptive inputs (Chua et al., 2018; Janner et al., 2019; Yu et al., 2020) typically choose the
probabilistic ensemble (PE) (Lakshminarayanan et al., 2017) model architecture.

In visual control settings, the underlying state s; is not directly observable, and the problem is
therefore formulated as a Partially Observable Markov Decision Process (POMDP) (Barto & Sut-
ton, 2018). At each step, the agent selects an action a, ~ 7(- | o<, a<;) conditioned on past
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observations and actions, after which the environment provides the next observation and reward
0t11,7t4+1 ~ P+, | 0<t,a<t). The agent typically maintains a belief state summarizing the his-
tory of observations and actions used in decision-making. Because modeling dynamics directly in
high-dimensional observation space is impractical, many approaches learn a compact latent repre-
sentation that summarizes this history and enables predictive transitions (Finn & Levine, 2017; Ha
& Schmidhuber, 2018). Such models are commonly referred to as latent dynamics models.

2.2 Latent Dynamics Modeling via Recurrent State Space Models

The Recurrent State Space Model (RSSM) (Hafner et al., 2019b) is a latent dynamics model that
represents a belief state using stochastic state z; and deterministic recurrent state h;. It consists of

Representation model: ¢(z; | zt—1,a;—1, 0¢), (1)
Observation model:  p(o; | z;), (2)
Transition model: p(z¢ | Zi—1,a:-1), 3)
Reward model: p(r; | z¢). 4)

For simplicity, we omit explicit dependencies z.;_1,a~;—1 induced by the recurrence of h;. All
distributions are modeled as multivariate Gaussians with diagonal covariance.

We define two types of latent rollouts starting at some initial state zq. Prior rollouts 7P " are gener-
ated solely by the transition model (Eq. (3)) and posterior-informed rollouts 7°°"" perform one-step
transition model predictions (Eq. (3)) initialized from posterior latent states z;—1 ~ q(z;—1 | -):

P = Lz, a0) } oy, e~ (2 | Zeo1,a01); )

TP = Ly a) Yz ~p(z | Zeo1,ai—1) and zg_q ~ q(ze_q | ). (6)
RSSM training involves maximizing the Evidence Lower Bound (ELBO) (Hafner et al., 2019b)
log p(o<r | a<r) = Y (Bgtastozs ) logp(or | 22) +logp(re | 7))
t

—Eg(z,_1joci_1,ace) [DxL ((2e | Ze-1,8:-1,04) || p(2¢ | Zt—laat—l))])- @)

DreamerV2/V3 (Hafner et al., 2020; 2023) extend Dreamer (Hafner et al., 2019a) with stability
improvements and a categorical RSSM variant (Cat-RSSM), where the stochastic latent state is
modeled using discrete categorical variables.

2.3 Uncertainty in Model-Based Reinforcement Learning

Uncertainty is commonly divided into an aleatoric component, describing irreducible environment
stochasticity, and an epistemic component, arising from limited data or imperfect learning. In pro-
prioceptive dynamics models, the PE (Lakshminarayanan et al., 2017) represents aleatoric uncer-
tainty as a Gaussian distribution over the next state, while epistemic uncertainty is captured by dis-
agreement among M ensemble members {p;(s;+1 | s¢,a;)},. Consequently, aligned ensemble
predictions indicate a reliable approximation of environment dynamics, assuming sufficient repre-
sentational capacity of the model (Yu et al., 2020; Frauenknecht et al., 2024).

Similarly, latent dynamics models often use ensembles of latent transition predictors described as
{9i(z¢ | Zt—1,a:—1)}M, to measure disagreement in latent space (Sekar et al., 2020). Alignment of
ensemble predictions for a given pair (z¢—1, a;—1) indicates that the latent transition model (Eq. (3))
is well-approximated (Lakshminarayanan et al., 2017), which is typically interpreted as evidence
that the latent dynamics reflect true environment dynamics (Sekar et al., 2020; Seo et al., 2025).
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3 Related Work

Proprioceptive Dynamics Models. Proprioceptive dynamics models are commonly learned as
PE-based predictors over relatively low-dimensional state spaces (Lakshminarayanan et al., 2017).
Epistemic uncertainty in these models is used to constrain model exploitation (Yu et al., 2020; Buck-
man et al., 2018; Frauenknecht et al., 2024; 2025), guide exploration (Sancaktar et al., 2022; Sukhija
et al., 2023), or promote caution (Yu et al., 2023; Vignola et al., 2026; Frauenknecht et al., 2026).

Latent Dynamics Models. In vision-based RL, latent dynamics models learn compact represen-
tations from high-dimensional image observations. Approaches include reconstruction-based mod-
els (Finn & Levine, 2017; Ha & Schmidhuber, 2018; Zhang et al., 2019), self-supervised represen-
tation learning methods (Pathak et al., 2017; Schwarzer et al., 2020; Hansen et al., 2022; Zhou et al.,
2024), and sequence-based architectures (Chen et al., 2022; Micheli et al., 2022). Among these, the
RSSM (Hafner et al., 2019b;a; 2020; 2023) is a widely used and efficient baseline. Uncertainty-
aware objectives in latent dynamics models fall into two main categories: explicit epistemic uncer-
tainty estimates used for robustness (Wang et al., 2020; Zhu et al., 2020; Seyde et al., 2020; Filos
et al., 2022; Liu et al., 2026), exploration (Sekar et al., 2020; Sancaktar et al., 2025), or safety (Seo
et al., 2025; Nakamura et al., 2025); and prediction-based intrinsic signals such as curiosity (Guo
et al., 2022; Jarrett et al., 2022). While differing in formulation, both objectives rely on the assump-
tion that uncertainty-related signals in latent space reflect long-term transition reliability. In this
work, we revisit this assumption for RSSMs using ensemble-based epistemic uncertainty estimates,
which closely align with uncertainty modeling practices in proprioceptive dynamics models.

4 Problem Statement

Epistemic uncertainty quantification via ensemble disagreement is well-established in propriocep-
tive dynamics models (Yu et al., 2020; Frauenknecht et al., 2024; 2025) and has increasingly been
adopted in latent dynamics models, in particular RSSM-based approaches (Seyde et al., 2020; Sekar
et al., 2020; Seo et al., 2025), where ensemble disagreement between transition predictors (Sekar
et al., 2020) serves as the latent counterpart of proprioceptive PE-based uncertainty. This correspon-
dence makes RSSMs a representative architecture to study whether uncertainty estimation principles
transfer from proprioceptive to latent dynamics. In particular, employing ensemble disagreement in
latent dynamics implicitly assumes that local transition uncertainty remains informative about global
trajectory-level model error during prolonged rollouts, as observed in proprioceptive dynamics mod-
els (Janner et al., 2019). In this work, we empirically revisit this assumption via three questions:

(i) How do RSSM rollouts evolve under in- and out-of-distribution settings compared to propri-
oceptive dynamics models?

(ii) Does local ensemble-based epistemic uncertainty in RSSM latent dynamics remain informa-
tive about global trajectory-level deviations from true environment dynamics?

(iii) How does the RSSM latent behavior affect reward prediction and therefore policy learning?

Our analysis reveals a failure mode in RSSM latent dynamics where epistemic uncertainty decouples
from compounding model error during prolonged rollouts, leading to reward overestimation.

5 Problem Evaluation

We empirically investigate the above questions using RSSM (Hafner et al., 2019b) and Cat-
RSSM (Hafner et al., 2020; 2023). Section 5.1 analyzes latent and proprioceptive rollout behavior
under a distribution shift, Section 5.2 relates ensemble uncertainty to proprioceptive discrepancy,
and Section 5.3 evaluates the impact of latent-environment misalignment on reward prediction.

Experimental Setup. Experiments are conduced on four DMC Suite tasks (Tassa et al., 2018):
Cartpole Swingup, Cheetah Run, Hopper Hop, and Walker Run. For each task, we perform S = 5
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training runs with different random seeds. The RSSM implementation follows Becker & Neumann
(2022), while the Cat-RSSM implementation follows Becker et al. (2024), isolating the categori-
cal latent space by omitting other DreamerV2/V3 modifications. All runs are trained for 1 Mio.
environment steps. Additional details of our implementation' are provided in Appendix 7.

Uncertainty Estimation. We train an external ensemble of M/ = 5 one-step latent transition
predictors {g;(z: | z:—1,a:—1)},, each optimized via the negative Gaussian log-likelihood of
the next latent state predicted by the representation model (Eq. 1). Following Frauenknecht et al.
(2024), epistemic uncertainty is computed as the ensemble disagreement over predicted next latent
state distributions using Geometric Jensen-Shannon divergence (Nielsen, 2019).

Random Rollouts Collection. For each trained run, we collect three types of rollouts from
N = 1000 random initial states with rollout length 7' = 50 using the trained greedy policy:
(1) posterior-informed rollouts (Eq. (6)); (2) closed-loop prior rollouts (Eq. (5)), initialized from
posterior-informed states; and (3) open-loop prior rollouts, using actions from posterior-informed
rollouts. Closed-loop refers to rollouts where actions are selected by a reactive policy based on the
current latent states, whereas open-loop rollouts follow a predefined action sequence without feed-
back from the policy. Posterior-informed rollouts represent the most informed rollouts the model
can produce, leveraging observation-updated latent states and closed-loop actions while decoupling
transition dynamics from observation noise. Closed-loop prior rollouts correspond to latent imagi-
nation used during Dreamer’s policy learning, whereas open-loop prior rollouts isolate the effects of
model stochasticity and error accumulation under a fixed action sequence.

ID and OOD Initial States. To analyze model behavior under distribution shifts, we select in-
distribution (ID) and out-of-distribution (OOD) initial states from the post-training rollouts under
the learned policy. We use ensemble disagreement over latent states and actions as a measure of
local uncertainty, which has been shown to reliably capture epistemic transition uncertainty under
distribution shifts (Lakshminarayanan et al., 2017; Chua et al., 2018). ID states are selected as
the K lowest-uncertainty states from the posterior-informed and closed-loop prior rollouts. OOD
states are selected as the K highest-uncertainty states from the posterior-informed and open-loop
prior rollouts, where fixed actions allow model stochasticity and error accumulation to progressively
induce a state-action mismatch. We use K = 10 initial states per seed, task, and setup (ID/OOD).

5.1 Attractor Evaluation

To address Question (i), we analyze how ID and OOD initial states affect rollout behavior in propri-
oceptive and latent dynamics models. Under a distribution shift, proprioceptive dynamics models
typically exhibit prediction instabilities due to compounding model error (Janner et al., 2019). We
investigate whether RSSMs exhibit a similar behavior.

Visualization of Dynamical Behavior. To avoid attributing model behavior to suboptimal train-
ing, we select the best-performing run for each task, which has the highest mean evaluation return
over the training. We embed its posterior-informed and closed-loop prior rollouts into a 2D PCA
space of normalized deterministic features f; := (hy, z}"), where z}" denotes the mean stochastic
state in RSSM and the categorical mode in Cat-RSSM. We construct a vector field by binning one-
step displacements ft — ft 1, where PCA(f;) = ft, and overlay closed-loop rollouts initialized from
ID states with lowest and OOD states with the highest mean uncertainty over the rollout horizon.

Proprioceptive Dynamics. We additionally analyze PE dynamics from Infoprop (Frauenknecht
et al., 2025) in the MuJoCo HalfCheetah environment (Todorov et al., 2012), applying the same
PCA procedure to proprioceptive states. ID and OOD rollouts are closed-loop rollouts with the
lowest and highest mean uncertainty over the rollout horizon, respectively, selected from random
initial states.

'https://github.com/jberger999/biased-dreams
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Figure 2: Attractor evaluation for RSSM and PE under ID and OOD initial states on Cheetah Run
and Halfcheetah, respectively. Vector fields show one-step displacements in the 2D PCA spaces of
latent and proprioceptive states. PE exhibits unstable OOD predictions, whereas RSSM is drawn
toward dominant transition flows, indicating an attractor bias toward well-supported latent regions.

As visualized in Fig. 2, the PE exhibits unstable OOD predictions, reflecting compounding model
error. In contrast, the RSSM OQOD rollout converges toward dominant transition flows, indicating
an attractor effect that biases rollouts toward well-supported latent regions. This behavior suggests
that distribution shifts manifest differently in RSSMs and proprioceptive dynamics, as latent rep-
resentations may constrain rollouts toward training-supported regions through transitions that are
not necessarily physically accurate. A similar behavior can be observed across other DMC Suite
tasks and for Cat-RSSM, as reported in Appendix 8.1. However, given the qualitative nature of this
analysis, these findings should be interpreted as observations rather than definitive findings.

5.2 Proprioceptive Discrepancy

We evaluate proprioceptive discrepancy between RSSM latent rollouts and true environment behav-
ior under ID/OOD initial states, and relate it to ensemble-based epistemic uncertainty, addressing
Question (ii). While ensemble disagreement reliably captures local epistemic uncertainty, we inves-
tigate whether this extends to global trajectory-level prediction accuracy.

Proprioceptive State Decoder. To compare latent predictions and true proprioceptive dynamics,
we augment the RSSM with a proprioceptive state decoder (PD) p(s; | z;), trained jointly via
the ELBO (Eq. (7)) to predict transformed proprioceptive states excluding the agent’s x-position.
Although the decoder shapes latent representations during training, proprioceptive reconstruction
quality remains limited without an explicit structural objective (Peper et al., 2025; Gupta et al.,
2021). As shown in Fig. 3, adding the PD has negligible impact on Dreamer’s performance.

RSSM Cat-RSSM
1,000 T T T T
w/o PD w/o PD
800 | — w/pD . —— w/PD h
600 -

400 |-
200 |-

0 | | | |
0 02 04 06 08 1

Environment Step (x 10%)

Expected Return

Figure 3: Dreamer’s performance with and without a proprioceptive state decoder (PD) for RSSM
and Cat-RSSM across four DMC Suite tasks. The addition of a PD has negligible impact on policy
learning, with both architectures showing comparable performance to their respective no-PD vari-
ants. Results are averaged over 5 seeds per setting; shaded areas indicate 95% confidence intervals.
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Latent Dynamics Rollouts. For each of the K ID and OOD initial states, we evaluate R closed-
loop posterior-informed and R closed-loop prior rollouts of length 7" = 50. These rollout types pro-
vide complementary views of the learned dynamics: Closed-loop posterior-informed rollouts lever-
age observation-updated latent states for the most informed transition prediction, whereas closed-
loop prior rollouts evaluate predictive behavior during imagination. Actions are selected greedily,
while dynamics predictions remain stochastic. We set the number of rollouts to R = 10.

Computation of Proprioceptive Discrepancy. Proprioceptive discrepancy is measured as the
mean ¢; distance between predicted and ground-truth body positions, where ground truth is obtained
by simulating the predicted action sequence from a given proprioceptive start state.

Cartpole Swingup Cheetah Run Hopper Hop Walker Run

@ 1 I I I I I I I I 20 Z?‘
=] =)
g E
S 05 Ap - 5
4 (=)
[a) -

g 0

2o .
g £
=
2 05 L =y . g
[a) o)
[a) [a)
o e Q
@] ot : ‘ o
- 1 20 &
=] =}
g g
5 05| A+ s s 410 8
A S
a | e—— A

0 b— - . 0

Z z 20 2

»v 5 %

®oE =
2 0.5 — -+ - 10 £
A I o
8 g—— '_F" g
() o
o) 0 L — - - | 0 o

20 40 O 20 40 0 20 40 0 20 40
Rollout Time Step

o

= Posterior-Informed Closed-Loop Prior Uncertainty

Figure 4: Proprioceptive discrepancy versus prior uncertainty for ID and OOD initial states in RSSM
and Cat-RSSM. Solid lines show means over R - K - .S = 500 samples per time step and setting;
shaded areas denote standard deviation. Although uncertainty captures initial distribution shifts, it
does not track the compounding proprioceptive errors that emerge during latent rollouts.

We report the stepwise mean and standard deviation of proprioceptive discrepancy and prior uncer-
tainty (Fig. 4) and discuss RSSM and Cat-RSSM jointly due to their similar behavior. Posterior-
informed rollouts remain accurate for ID initial states, while initially high OOD discrepancy de-
creases as observations refine the latent state. Closed-loop prior rollouts accumulate proprioceptive
discrepancy in both settings, but uncertainty does not reflect this error growth: ID uncertainty re-
mains low and stable, whereas OOD uncertainty starts elevated, but rapidly converges to ID levels.
This behavior can be attributed to the attractor effect observed for OOD rollouts in Section 5.1.
While ensemble-based uncertainty appears locally informative, RSSM latent dynamics favor re-
gions that are well-supported by the training distribution and exhibit low ensemble disagreement
during prolonged rollouts, preventing uncertainty from reliably tracking compounding model error.
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5.3 Reward Evaluation

To address Question (iii), we evaluate how latent-environment misalignment affects reward predic-

tion. We compute a stepwise signed reward discrepancy r?red — r$im over the collected closed-loop

prior and posterior-informed rollouts, where rfre‘i denotes the model-predicted reward along the la-

tent rollout and §™ the reward obtained by executing the same action sequence in the environment.

We report the stepwise mean and standard deviation of signed reward discrepancy (Fig. 5) and dis-
cuss RSSM and Cat-RSSM jointly due to their similar behavior. Posterior-informed rollouts accu-
rately predict rewards under observation updates, whereas closed-loop prior rollouts systematically
overestimate them. Together with the attractor behavior observed in Section 5.1, this suggests that
latent rollouts are biased toward well-supported regions that appear to coincide with high-performing
behaviors in dense-reward tasks, contributing to overly optimistic reward predictions.
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Figure 5: Signed reward discrepancy in RSSM and Cat-RSSM. Solid lines show means over N - S =
5000 samples per time step and setting; shaded areas denote standard deviation. Closed-loop prior
rollouts systematically overestimate rewards, consistent with an attractor bias toward well-supported
latent regions that appear to coincide with high-performing behaviors.

6 Conclusion

Our findings reveal a structural limitation of epistemic uncertainty estimation in RSSMs: While
ensemble disagreement has been shown to capture local transition reliability (Lakshminarayanan
etal.,2017; Chua et al., 2018), this relationship does not necessarily extend to global trajectory-level
model error during prolonged latent rollouts. We provide evidence for an attractor behavior in RSSM
latent dynamics, where rollouts are biased toward latent regions well-supported by the learned dy-
namics, as indicated by low ensemble disagreement. As a result, epistemic uncertainty can diminish
despite increasing discrepancies from true environment dynamics, masking compounding model er-
ror. In dense-reward tasks, this behavior may contribute to overly optimistic reward predictions, as
attractor regions appear to align with high-reward behaviors.

Future Work. We hypothesize that this limitation originates from inductive biases in VAE-based
latent dynamics and cannot be resolved through improved uncertainty estimation alone. Instead,
addressing it may require changes to latent dynamics modeling, e.g., through latent space restructur-
ing (Li et al., 2024; Becker et al., 2024), more principled variational inference (Becker & Neumann,
2022), or alternative latent parametrizations. More broadly, our findings motivate further investiga-
tion of epistemic uncertainty in latent dynamics models beyond RSSMs. A formal characterization
of the attractor mechanism remains an important direction for future work.
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Supplementary Materials

7 Experiment Setup

Our evaluation code? follows Becker & Neumann (2022); Becker et al. (2024), which in turn builds
on Hafner et al. (2019a; 2020). For details on Infoprop, see Frauenknecht et al. (2025).

7.1 Training Details

Environments. All environments use an action repeat of 2. Images are 64 x 64 pixels with 5-bit
color depth, following Hafner et al. (2019b).

Architecture. For RSSM, we use a stochastic state size of 30 and a deterministic state size for 200.
For Cat-RSSM, the stochastic state is replaced by 32 categoricals with 32 classes each. Independent
of architecture, all layers have 300 units, with standard encoders and decoders using ReLU. Note
that Cat-RSSM, as proposed by Hafner et al. (2020), also increases model size, which we omit to
ensure a fair comparison with RSSM. The transition matrix output is transformed via a sigmoid-
based function, as described in Becker & Neumann (2022).

Proprioceptive Decoder and Ensemble. The proprioceptive state decoder follows the decoder
architecture in Becker & Neumann (2022), with 3 layers of size 300 and ELU activation. Each
angle @ in the proprioceptive state is encoded as (sin 6, cos §) and reconstructed for evaluation and
simulation from arctan2(y;, y2) given network angle predictions (y1,y2). Each member of the en-
semble has 5 linear layers of size 300, intermediately normalized with LayerNorm, and activated
with ELU. The ensemble predicts the next deterministic state, following standard ensemble-based
implementations (Seo et al., 2025).

Loss. RSSM and actor-critic losses follow Hafner et al. (2019a), including a separate reconstruc-
tion loss for the proprioceptive decoder, when applicable. The ensemble loss is the negative Gaussian
log-likelihood of the target state. During ensemble loss computation, inputs and targets are detached
to prevent gradient flow through the model and actor. For Cat-RSSM, we additionally employ KL
balancing as proposed by Hafner et al. (2020), separately scaling posterior and prior entropy in the
KL term with o« = 0.8. We omit adding action entropy in the policy loss to focus on architectural
differences between RSSM and Cat-RSSM, rather than differences in the learning objective.

Training. We begin training with 5 random episodes and collect one additional episode every 100
model update steps using exploration noise of 0.3. Each update samples 50 subsequences of length
50 uniformly from all collected data. Adam is used with learning rates and gradient clipping as in
Hafner et al. (2019a): latent dynamics, 6 - 10~%; actor-critic, 8 - 107°; gradient norm clipped at
100. The ensemble uses a separate optimizer with the same optimizer hyperparameters as the latent
dynamics model.

7.2 Evaluation Details

Aggregation. For each DMC Suite task, we perform S = 5 training runs with different random
seeds to account for training variability while keeping computational cost manageable. For the pro-
prioceptive and reward discrepancy plots (Figs. 4 and 5), we report the stepwise mean and standard
deviation over all collected samples. As generic descriptive statistics, mean and standard deviation
summarize the overall tendency and variability of rollout distributions without imposing a specific
distributional model.

’https://github.com/jberger999/biased-dreams
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Rollout Types. Posterior-informed rollouts are obtained by applying a one-step prior transition
(Eq. 6) from each posterior state inferred by the representation model (Eq. 1). Compared to posterior
rollouts, this reduces observation-induced noise in proprioceptive reconstructions, enabling a cleaner
assessment of predictive dynamics accuracy. Closed-loop prior rollouts start from a posterior state
and evolve under a reactive greedy policy with stochastic latent dynamics. Open-loop prior rollouts
instead replay the action sequence of a posterior rollout under stochastic latent dynamics, isolating
the effects of model stochasticity and error accumulation. In practice, these rollouts tend to induce
state-action mismatches, making them well-suited for identifying highly uncertain transitions.

8 Additional Results

8.1 Attractor Evaluation

The remaining DMC Suite environments exhibit similar latent rollout patterns in the embedded PCA
space consistent with those observed in the Cheetah Run evaluation presented in Section 5.1, across
both RSSM and Cat-RSSM (Fig. 6). These observations indicate that the observed attractor behavior
is not specific to a single task or architecture, but appears consistently across all evaluated settings.
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Figure 6: Attractor analysis of RSSM and Cat-RSSM across DMC Suite environments.
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8.2 Proprioceptive Discrepancy

We report Dreamer’s RL performance using RSSM and Cat-RSSM, with and without a PD, sepa-
rately for each task (Fig. 7). The per-task results are consistent with the aggregated plots in Sec-
tion 5.2, showing that the incorporating the PD into the latent dynamics model has negligible impact
on Dreamer’s performance.
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Figure 7: Dreamer’s performance is largely unchanged by the use of the proprioceptive state decoder
(PD) between approaches. Results are averaged over 5 seeds; shaded areas show 95% confidence
intervals.

8.3 Image and Proprioceptive Reconstructions

Fig. 8 visualizes the proprioceptive state rollouts predicted by Infoprop’s PE, when simulated in the
environment, corresponding to the exemplary ID and OOD cases discussed in the main text.

Figs. 9, 10 and Figs. 11, 12 compare simulator ground truth with exemplary image and propriocep-
tive rollouts, respectively, reconstructed from the corresponding posterior-informed and closed-loop
prior rollouts. We visualize the first posterior-informed and closed-loop prior rollouts from our col-
lection. Overall, the reconstructed image and proprioceptive state rollouts are largely consistent
with each other, indicating that the proprioceptive decoder achieves reconstruction quality compa-
rable to the image decoder. Posterior-informed rollouts remain close to the ground truth, whereas
closed-loop prior rollouts exhibit increasing misalignment between predicted states and environment
dynamics over longer horizons, independent of initial state setting (ID/OOD).
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Figure 8: Comparison of predicted rollouts in ID and OOD settings for Infoprop’s PE.
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Figure 9: Step-wise comparison of reconstructed posterior-informed and closed-loop prior image

rollouts in ID setting for RSSM and Cat-RSSM.
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Figure 10: Step-wise comparison of reconstructed posterior-informed and closed-loop prior image
rollouts in OOD setting for RSSM and Cat-RSSM.
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Figure 11: Step-wise comparison of reconstructed posterior-informed and closed-loop prior propri-

oceptive rollouts in ID setting for RSSM and Cat-RSSM.
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Figure 12: Step-wise comparison of reconstructed posterior-informed and closed-loop prior propri-
oceptive rollouts in OOD setting for RSSM and Cat-RSSM.



