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ABSTRACT

Uncertainty estimation is crucial for deploying reinforcement learning in safety-
critical domains such as robotics and autonomous systems. This work intro-
duces Model-based Uncertainty-Aware Reinforcement Learning (MUARL), a
constrained model-based reinforcement learning framework that augments TD-
MPC2 with evidential deep learning to estimate epistemic and aleatoric uncer-
tainty in a single dynamics-model forward pass. MUARL feeds these esti-
mates into a dual-constraint Model Predictive Path Integral planner that penal-
izes both predicted safety-cost violations and model uncertainty via adaptive La-
grangian multipliers, so safety is handled directly at planning time. In a dynamic
unicycle-car navigation task, evidential uncertainty achieves much sharper out-of-
distribution detection than normalizing flows and stochastic ensembles, leading
to safer exploration around constraint regions. On Safety Gymnasium naviga-
tion benchmarks, MUARL variants obtain higher feasibility and lower cumulative
constraint costs than model-free baselines and alternative model-based methods,
while keeping task performance competitive. Taken together, these results show
that evidential uncertainty can be used in real-time sampling-based planners with
only modest extra cost, and that this yields a workable uncertainty-aware con-
strained MBRL scheme for safety-critical autonomous systems.

1 INTRODUCTION

Deploying reinforcement learning on robots and autonomous systems requires decision-making
under uncertainty while respecting operational constraints. In safety-critical domains, the system
must avoid constraint violations, such as collisions, hazardous regions, or unsafe operating regimes,
throughout training and deployment, not just maximize average reward (Brunke et al.| 2022).

Model-based reinforcement learning (MBRL) is appealing here because it uses a learned dynamics
model to plan ahead, improving sample efficiency (Plaat et al., 2020). Recent latent-space MBRL
methods with sampling-based planning produce good results with simple planning loops (Hansen
et al., 2022} 2024). However, this creates a failure mode: if the model is wrong, the planner may
confidently choose actions that look good in imagination but fail in reality. This risk is amplified
in out-of-distribution states where model error is large and difficult to detect from prediction losses
alone.

A natural response is to quantify uncertainty in the world model and use it during plan-
ning (Mucsanyi et al., [2023). In practice, this is challenging: many uncertainty estimators such
as deep ensembles are too expensive when embedded in a planner that evaluates thousands of imag-
ined trajectories per decision step (Amini et al.,2020). For sampling-based MPC, uncertainty must
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be both informative and cheap—it should distinguish familiar regions from novel ones without mul-
tiplying planning cost by large factors.

This paper proposes MUARL, an uncertainty-aware constrained MBRL framework that augments
a latent dynamics world model with single-pass uncertainty estimation and integrates that signal
into constrained planning. Our dynamics model uses evidential regression to produce aleatoric and
epistemic uncertainty in one forward pass, suitable for high-throughput trajectory evaluation (Amini
et al.| 2020). We incorporate predicted costs and model uncertainty into an MPPI planner’s scoring
function via an adaptive Lagrangian formulation, trading off task performance against constraint
satisfaction and uncertainty exposure at decision time (Boyd & Vandenberghe, [2004).

We evaluate MUARL in two settings: a controlled navigation task where we explicitly mark out-
of-distribution regions, and Safety Gymnasium (J1 et al., [2023a) benchmarks with standard cost
and feasibility metrics against model-free and model-based baselines. Our goal is to show that an
efficient uncertainty-aware world model can give useful guidance to the planner when decisions are
subject to safety constraints.

Contributions. This work makes three contributions. (1) We integrate deep evidential regres-
sion into a TD-MPC2-style (Hansen et al., 2024) latent dynamics model to obtain single-pass
epistemic and aleatoric uncertainty that is practical for sampling-based MPC. (2) We formulate a
dual-constraint MPPI objective that combines learned cost predictions with evidential uncertainty,
and we instantiate three uncertainty integration strategies, taking a feasibility-based adaptive variant
(MUARL m0f) as our primary algorithm. (3) Through controlled navigation experiments and Safety
Gymnasium benchmarks, we show that evidential uncertainty provides a strong OOD/reliability
signal and that combining costs with uncertainty at decision time substantially improves constraint
feasibility over strong model-free constrained baselines, at the cost of more conservative returns.

2 RELATED WORK

Prior work on safe model-based reinforcement learning can be organized along three axes: firstly,
works that provide uncertainty-aware dynamics learning, secondly constrained planning with
learned models, and finally model-free constraint satisfaction during policy learning. Most existing
methods cover only one or two of these axes, and many rely on multi-model uncertainty estimates
that are costly inside sampling-based planners.

PETS (Chua et al., 2018) uses probabilistic ensembles to represent epistemic uncertainty in learned
dynamics and achieves sample efficiency, but it does not impose explicit safety constraints dur-
ing planning. MBPO (Janner et al., [2019) mitigates model bias by limiting rollout horizons and
mixing real with synthetic data, improving stability without introducing constraint-aware decision
rules. MOReL (Kidambi et al., [2020) adds pessimism by penalizing uncertain transitions, yield-
ing conservative behavior, but it is primarily designed for offline settings and typically inherits the
computational cost of ensemble-style uncertainty.

CCE (Wen & Topcu, [2018)) demonstrates constrained MPC-style planning by using learned models
to predict costs and reject trajectories that violate thresholds, but it treats these predictions as reliable
and does not explicitly account for model uncertainty. RCE (Liu et al.,[2021) incorporates ensemble
uncertainty into cross-entropy planning through robust optimization, improving constraint satisfac-
tion under model error at the cost of maintaining and evaluating multiple models. CAPPETS (Ma
et al., 2022) inflates predicted costs using uncertainty-dependent penalties to obtain conservative
constraint satisfaction, but similarly depends on ensemble uncertainty and operationalizes uncer-
tainty mainly through cost tightening rather than as a separate planning signal.

Lyapunov-based safe MBRL (Berkenkamp et al.| 2017} |(Chow et al., |2018)) can provide formal
safety certificates, but often requires careful construction and can be conservative in complex, high-
dimensional settings. Model-free constrained RL methods such as CPO (Achiam et al) [2017),
SAC-Lag (Ray et al.} 2019), SAC-PID (Stooke et al., 2020), and FOCOPS (Zhang et al., 2020) en-
force expected cost constraints during learning, but they do not use a world model to evaluate and
screen candidate action sequences at decision time and cannot directly reason about epistemic model
uncertainty.



ICLR 2026 the 2nd Workshop on World Models

<
Sampled
Actions

v

Latent
Encoder 22, Dynamics ¥ Reward
Model @7
S g

Cost +

\
/

AN Pessimistic Planning 4

Observation

Environment

Figure 1: MUARL architecture during inference. The encoder compresses observations into latent
states. The MPPI planner samples action sequences, evaluates them through the dynamics model
with uncertainty estimation, scores trajectories using Lagrangian penalties on costs and uncertainty,
and selects actions for execution.

Evidential learning provides single-pass uncertainty estimates by predicting distributional parame-
ters rather than relying on ensembles or repeated stochastic passes (Sensoy et al.,[2018;|Amini et al.}
2020), and it has been explored in robotics and RL settings (Itkina & Kochenderfer, 2023} (Char-
pentier et al.| [2022; Stutts et al.| [2024). Recent latent safety filters and safe exploration methods
also leverage epistemic uncertainty to avoid unreliable predictions (Seo et al., 2025} As et al.} |2025)),
motivating uncertainty as an online decision-time signal.

Overall, existing work either uses expensive multi-model uncertainty, focuses solely on cost con-
straints or uncertainty penalties, or lacks decision-time constraint enforcement in latent MPC frame-
works such as TD-MPC2. This leaves room for single-pass uncertainty estimators that are cheap
enough for sampling-based planners, and for methods that combine cost and uncertainty as comple-
mentary signals in the same planning objective.

3 METHODOLOGY

We build on latent-space model-based RL with sampling-based MPC, extending a TD-MPC2-style
implicit world model with (i) evidential uncertainty estimation in the dynamics model and (ii)
planning-time constraint handling that jointly accounts for learned costs and model uncertainty.

3.1 WORLD MODEL WITH EVIDENTIAL DYNAMICS

Given an observation o;, an encoder maps it to a latent state z; € R9:, and a learned dynamics
model predicts the next latent state conditioned on action ay:

2t = fenc(ot)7 étJrl = fdyn(ztaat)~ (1

In addition, we learn predictors for reward, cost, and termination in latent space:

T = fr(2e, ae), ¢ = fe(ze,ar), di = fiem(20)- (2)

This follows the implicit-world-model design where planning is performed entirely in the latent
space, avoiding reconstruction of high-dimensional observations.

For each latent dimension i, the dynamics head outputs evidential parameters (u;, v;, a;, 8;) that
define a Student-¢ predictive distribution

i (14w
P(ze41,i | 2e,00) = St(zt+1,i§ His %» 20@) )

and we use p; as the mean next-state prediction. Full NIG priors and derivations are given in
Appendix [A]
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We extract per-dimension aleatoric and epistemic terms as

al 61 ep 1
Uy = ) u; = —,
i — 1 V;

where 4! captures irreducible transition noise (distribution width) and ;" captures model ignorance
via low evidence (small v;), which grows in out-of-distribution regions.

MPPI requires a scalar score for each trajectory. We therefore aggregate per-dimension uncertainties
into a single transition-level uncertainty. In our experiments we use a conservative aggregation
across latent dimensions (treating a transition as uncertain if any latent component is uncertain):

u (2, a) = m?xu‘;-‘l, uP(z,a0) = max ul, u(ze, ap) = (ual)2 + (ueP)Q. 3)

This yields a single uncertainty signal u that is cheap to compute and suitable for trajectory scoring.

We train the dynamics with a standard evidential regression loss (Amini et al.|[2020) and supervised
losses for reward/cost/termination; implementation details are in Appendix [C]

3.2 DUAL-CONSTRAINT MPPI PLANNING

At decision time, MPPI samples N candidate action sequences A7) = (aéj ) a%) 1) and rolls

them out through the world model for horizon H:
23 =, = fam(z,a)),  k=0,...,H—1 )

Along each rollout we accumulate predicted rewards, costs, and uncertainty terms using f,, f., and
the evidential uncertainty computed from fayn.

For each sampled trajectory j over a horizon H, we roll out the latent dynamics and accumulate
discounted reward, cost, and normalized uncertainty:

H-1
VO = 3740+ 41 Q2 ) ) (5)
k=0
) H-1 ) H-1
CO = 3" el 4y (2al)), U9 =3 ), (6)
— k=0

(J) A7)

and ¢, are the predicted reward and cost at step k, Q and C are the value and cost
(J)

where 7,

bootstraps at the planning horizon, and w,”; is the normalized uncertainty for that transition.

Uncertainty integration strategy. Trajectory scores SU) are constructed from (V) C) 7(7)
to penalize or filter trajectories that violate cost or uncertainty limits. In this work we use MUARL
mOf as the main instantiation, which combines soft Lagrangian penalties on both cost and uncer-
tainty with a feasibility-based fallback: when fewer than N, (elite set size) low-uncertainty trajec-
tories are available, the planner switches to cost-minimizing scoring to guide the agent back toward
predictable regions. We also study two alternative integration strategies—MUARL mO (pure soft
penalties on cost and uncertainty) and MUARL m1 (hard uncertainty filtering with fallback)—as
ablations; detailed formulations are presented in Appendix

MPPI weighting and update. MPPI converts trajectory scores into importance weights and up-
dates the action distribution toward high-scoring samples:

N
() ( 5<a>> . (1))
w') o exp aj, w'a’’ (7N
1 ; g

with temperature 7 controlling concentration. The executed action is the first element of the refined
mean sequence, in a receding-horizon loop.
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Table 1: Zone-based OOD detection and efficiency for three dynamics uncertainty estimators (IID
vs. withheld OOD zones).

Method AUROC Cohen’sd IIDu OODwu Rel sep. Time (ms)
Stochastic Ensemble  0.970 2.06 0.0034 0.0131 2.8 0.203
Density Regression 0.736 0.29 1.0000  1.0006 0.0 1.451
Evidential 0.997 5.78 0.0309 0.4678 14.1 0.154

Why both constraints? Cost predictions encode domain semantics but may be overconfident un-
der distribution shift. Conversely, uncertainty can reliably signal that the model is extrapolating,
but it does not distinguish novel-but-safe from novel-and-dangerous states. Using both terms in the
planner addresses these failure modes directly at decision time.

4 RESULTS

We evaluate evidential uncertainty as an OOD signal and its impact on safety—performance trade-offs
under sampling-based planning. Experiments use a controlled unicycle task and Safety Gymnasium
benchmarks. Unless otherwise stated, we refer to MUARL mOf as the default MUARL instantiation,
and interpret m0 and m1 as alternative uncertainty-integration strategies examined in ablations. All
reported results are averaged over 3 random seeds.

4.1 ABLATIONS ON CONTROLLED NAVIGATION

We consider a continuous 2D navigation task with a nonholonomic unicycle car that must reach a
fixed goal region while avoiding a central obstacle and two disjoint constraint zones. The state com-
prises position (x, y), heading, and speed; the agent controls angular rate and acceleration. Entering
a constraint zone incurs a unit cost per time step, and an episode is deemed feasible if its cumulative
cost stays below a fixed limit. To study epistemic uncertainty, we designate specific regions of the
workspace as out-of-distribution (OOD) by withholding their transitions from the replay buffer; in
the aleatoric setting, we additionally corrupt observations in those regions with high-variance noise.
These design choices allow us to evaluate whether uncertainty estimates distinguish in-distribution
from OOD states and how they interact with explicit cost constraints during planning.

4.1.1 UNCERTAINTY ESTIMATION QUALITY AND EFFICIENCY

We first compare three uncertainty estimators for the dynamics model: evidential regression (Amini
et al [2020; Meinert et al [2023)), density regression with normalizing flows (Manh Bui & Liu,
2024), and stochastic ensembles (Chua et al. 2018). The environment is partitioned into IID and
OOD regions by withholding transitions from designated zones during training and corrupting ob-
servations inside those zones, so a good epistemic estimator should assign higher uncertainty in
OOD areas.

Table [T] shows that evidential regression yields near-perfect OOD discrimination (AUROC 0.997)
and the strongest separation between IID and OOD uncertainties (Cohen’s d = 5.78, relative sep-
aration 14.1x), while also achieving the lowest inference latency (0.154 ms per prediction). The
stochastic ensemble is competitive in AUROC (0.970) but exhibits substantially weaker separation
(2.8%) and higher compute due to multi-model evaluation. Density regression performs poorly
for zone discrimination (AUROC 0.736, essentially flat IID/OOD uncertainty), and is the slowest
method (1.451 ms), making it unsuitable for MPPI-style planning workloads.

We therefore use evidential uncertainty in all subsequent experiments due to its quality—efficiency
trade-off and its single-pass suitability for sampling-based planning.

4.1.2 IS UNCERTAINTY ALONE SUFFICIENT FOR SAFETY?

We next test whether uncertainty can replace explicit cost constraints. We compare an
uncertainty-only variant (Unc), a cost-only baseline (Cost), and MUARL variants that combine both
mechanisms (m0, mOf, m1).
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Figure 2: Uncertainty maps comparing three dynamics uncertainty estimators across the unicycle
environment state space. Purple/low values indicate low uncertainty (well-modeled states); yellow-
green/high values indicate high uncertainty. (a) Evidential regression shows strong IID/OOD sep-
aration, with elevated uncertainty at environment boundaries. (b) Normalizing flows exhibit poor
discrimination (flat uncertainty). (c) Stochastic ensembles produce uncertainty near hazards but in-
sufficient separation for reliable OOD detection. Evidential is preferred for MPPI due to quality and
single-pass efficiency.

Table 2: Uncertainty-only vs. cost-only vs. combined mechanisms (unicycle ablation). Feasibility is
the percentage of episodes below the cost limit used in this study.

Method Mean Reward Mean Cost  Feasibility (%)
MUARL ml  47.74 £ 65.03 0.78 + 2.11 86.0
MUARL mOf 34.75+62.73 229 +4.20 66.0
MUARL m0  94.45 +45.72 1.30 +2.61 75.0
Cost 19.38 +£49.23  2.46 +3.97 67.0
Unc 65.75 £ 61.56 7.64 £+ 10.37 49.0

Table [2] shows uncertainty alone is insufficient: Unc reaches moderate reward but incurs substan-
tially higher cost and low feasibility (49%). In contrast, MUARL variants substantially reduce mean
cost while maintaining non-trivial reward. MUARL mO achieves the highest reward among con-
strained variants in this study (mean cost 1.30), while MUARL mOf trades some return for lower
variance and a more conservative cost profile, consistent with its feasibility-based fallback. Addi-
tional reconstructed cost and uncertainty maps for all MUARL variants are provided in Appendix D]
(aleatoric setting) and Appendix [E| (epistemic setting).

4.1.3 BENEFITS UNDER ALEATORIC VS. EPISTEMIC UNCERTAINTY

In the aleatoric setting we inject high-variance observation noise inside the OOD zones while still
withholding their transitions from the replay buffer, whereas in the epistemic setting we only with-
hold data, so uncertainty arises purely from lack of coverage rather than irreducible noise.

Table [3] shows that uncertainty-aware planning can reduce cost and/or reduce entries into the high-
uncertainty region, with clearer gains in the epistemic setting where distribution shift is the dominant
failure mode. In aleatoric settings, benefits are smaller and can reverse if uncertainty penalties
overreact to benign stochasticity. Full learning curves and additional visualizations are given in
Appendix |D| or the aleatoric case and Appendix [E| for the epistemic case. Taken together, they
suggest that evidential uncertainty is most helpful as a reliability signal under distribution shift, and
less useful when high noise is the main difficulty.

4.1.4 SOFT PENALTIES VS. HARD FILTERING (UNCERTAINTY INTEGRATION)

We compare two uncertainty integration strategies: m0 (soft uncertainty penalty) and m1 (hard fil-
tering with fallback to cost-based scoring). Among the three MUARL variants, mOf behaves as an
intermediate strategy between the high-return, low-conservatism regime of m0 and the strict avoid-
ance of ml, by switching to cost-focused scoring only when the elite set cannot be formed from
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Table 3: Uncertainty benefits under aleatoric and epistemic conditions (unicycle ablation). Here,
“Inside Unc. Region” measures the average fraction of time steps per episode where the agent’s
state lies in regions with normalized uncertainty above the learned threshold.

Setting Method Avg. Return Cost Inside Unc. Region
Aleatoric ~ Cost 76.65 £ 66.19 0.78 + 2.51 0.52 £2.12
Aleatoric MUARL m0O 6333 £64.42 3.13+6.72 1.14 £3.79
Aleatoric  MUARL mOf 38.33 £68.73 0.23 +1.53 0.47 +2.97
Aleatoric  MUARL ml  -526 +31.45 2.00+£7.12 1.22 £ 4381
Epistemic  Cost 7491 £ 6434 1.65+333 0.67 £ 1.76
Epistemic MUARL mO  93.18 5543 1.54 £3.25 0.52 +1.57

Epistemic MUARL mOf 36.44 +60.85 0.27 £+ 1.31 0.64 £1.79
Epistemic MUARL ml  51.10 £61.36 0.61 £1.93 0.64 £ 1.75

1QM Training Curve with 95% Bootstrap Cl 1QM Training Curve with 95% Bootstrap Cl (Threshold: 25.0)
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Figure 3: Training curves on Safety Gymnasium benchmarks. Top: SafetyPointGoall; bottom:
SafetyCarGoall. Model-free baselines reach higher returns but incur persistent constraint violations,
while MUARL variants learn more conservative policies with substantially lower costs across both
environments.

low-uncertainty trajectories. Across ablations, soft penalties preserve higher task return, while hard
filtering is more conservative but brittle under stringent thresholds, illustrating a practical perfor-
mance—safety trade-off.

4.2 SAFETY GYMNASIUM BENCHMARKS

We benchmark MUARL on SafetyPointGoall and SafetyCarGoall (Ji et al., 2023a), compar-
ing against strong model-free constrained baselines (SAC-PID(Stooke et al.l [2020) and SAC-
Lagrangian(Ray et al.l 2019)) and the model-based RL method PETS (Chua et al., 2018)) and its
variant that employs constraints and uncertainty CAPPETS(Ma et al.,[2022)). For more information
on the baselines attend to Appendix[C.4] Performance is measured using mean return, mean episode
cost, and feasibility (fraction of episodes below the cost threshold of 25). We take MUARL mOf as
the primary instantiation, and m0 and m1 as ablation variants (see Appendix [B]for full definitions).

In preliminary experiments on these tasks, PETS and CAPPETS exhibited highly unstable learning
dynamics, with rewards and costs oscillating over wide ranges and failing to converge to consistent
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Table 4: Safety Gymnasium final evaluation (100 episodes/seed): mean return, mean cost, and

feasibility.
Environment Method Mean Reward Mean Cost Feasibility (%)
SafetyPointGoall MUARL m0 11.41 +£7.53 25.16 + 37.64 65.7
SafetyPointGoall MUARL mOf 8.44 +4.47  10.36 £ 25.12 87.0
SafetyPointGoall MUARL ml 0.77 £ 1.68  12.24 +31.93 83.7
SafetyPointGoall ~SAC-PID 26.28 +1.82 48.84 + 34.33 29.0
SafetyPointGoall ~SAC-Lag 16.40 +£9.75 38.46 + 59.66 473
SafetyCarGoall MUARL mO 426 +3.50 13.18 + 38.98 86.3
SafetyCarGoall MUARL mOf 493 +3.28  17.52 £44.72 80.7
SafetyCarGoall MUARL ml1 038+ 195 24.18 +46.66 74.0
SafetyCarGoall SAC-PID 32.57 247 55.63 +44.32 30.0
SafetyCarGoall SAC-Lag 32.64 +4.92 5289 +43.02 31.0
: .
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Figure 4: Final evaluation on SafetyPointGoall (top) and SafetyCarGoall (bottom). Left: mean re-
ward versus mean episode cost, with the red vertical line marking the cost threshold of 25. Markers
denote method means, error bars (if present) show standard deviation across seeds. Right: mean re-
ward versus feasibility, with the green vertical line marking high safety at 90% feasibility. MUARL
variants cluster closer to the safe region than model-free baselines in both environments.

policies. As a result, they do not appear in the final quantitative comparison in Table ] which
focuses on methods that reached stable performance.

Table ] shows MUARL variants achieve substantially higher feasibility than model-free baselines
in both environments, while maintaining non-trivial returns. In SafetyPointGoall, MUARL mOf
achieves the strongest safety—performance balance among MUARL variants (cost 10.36, feasibil-
ity 87.0%), whereas SAC-PID attains higher return but violates constraints frequently (feasibility
29.0%). In SafetyCarGoall, MUARL mO attains feasibility 86.3% with low cost (13.18), while
SAC-PID and SAC-Lagrangian again exhibit high costs and low feasibility (=~ 30%).

Across both settings, evidential uncertainty acts as a reliable OOD signal that works at the scale
required by sampling-based planning. Using it alongside explicit cost constraints in the MPPI ob-
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jective increases feasibility compared to model-free baselines, at the price of more conservative
returns. The controlled ablations and Safety Gymnasium runs together suggest that single-pass evi-
dential uncertainty is a practical decision-time signal for constrained MPC.

5 DISCUSSION AND CONCLUSION

Across our experiments, uncertainty was most useful as a reliability signal: it highlighted regions
where latent rollouts are likely inaccurate due to distribution shift, enabling the planner to avoid
trajectories that look good in imagination but are unsupported by experience. In the controlled OOD
setting, evidential uncertainty provided strong IID/OOD separation while remaining efficient for
MPPI. On Safety Gymnasium, integrating uncertainty improved feasibility over model-free base-
lines, demonstrating benefits of decision-time trajectory screening in constrained navigation.

However, uncertainty alone is insufficient: the uncertainty-only variant violated constraints fre-
quently, showing that uncertainty does not encode task-specific safety semantics. In high-aleatoric-
noise environments, uncertainty penalties can become overly conservative, penalizing safe-but-noisy
regions unless thresholds are carefully tuned. Hard filtering is also brittle: strict thresholds can trig-
ger frequent fallbacks to myopic cost-minimizing behavior.

Evidential regression achieved the best quality—efficiency trade-off in our study (0.154ms per pre-
diction vs. 0.203ms for ensembles and 1.451ms for flows; Table E]) which matters because uncer-
tainty estimation is invoked at every planning step of every candidate trajectory. With N samples
and horizon H, multi-pass estimators multiply inner-loop cost proportionally, whereas evidential
preserves approximately the same compute as deterministic prediction.

Limitations and future work. Evidential uncertainty behaves more like a distribution-shift de-
tector than a calibrated Bayesian posterior (Juergens et al., [2024), so thresholds may not transfer
cleanly across environments or learning stages. The approach relies on an accurate cost predictor; if
the cost model is misspecified, the planner can still fail in safety-critical states. Coupling uncertainty
penalties with Lagrangian adaptation introduces sensitivity to normalization and hyperparameters,
and latent-space planning can mask safety-relevant features through representation errors.

In summary, evidential uncertainty gives a strong OOD signal that is still cheap enough for sampling-
based MPC, but it only becomes truly useful for safety once it is paired with explicit cost constraints.
Using both signals at decision time improves feasibility over model-free constrained baselines, at
the expected cost of more conservative returns. An obvious next step is to study calibration and
active data collection under constraints, and to test these ideas on real robots where model mismatch
and tight real-time limits are unavoidable.
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A EVIDENTIAL DEEP LEARNING DERIVATION

The evidential dynamics model uses a Normal-Inverse-Gamma (NIG) prior over Gaussian likeli-
hoods. For each latent dimension ¢, we model:

02 ~ Inv-Gamma(ay, 53;) (8)
milo} ~ N (i, 0f [vi) ©)
Zt+1,i|mi>(7i2 NN(”%‘J?) (10

Marginalizing over m; and o? yields the Student-t predictive distribution shown in the main
text. The evidential parameters (u;, V4, o, 3;) are constrained via activation functions: v; =

Softplus(7;) + 1, a; = Softplus(é;) + 1, and 8; = Softplus(3;), where * denotes unconstrained
network outputs.

The training loss combines a Student-¢ negative log-likelihood with an evidential regularizer (Amini
et al.,[2020) that penalizes overconfident predictions on erroneous samples.

B ADDITIONAL PLANNING OBJECTIVES AND ABLATIONS

B.1 UNCERTAINTY INTEGRATION VARIANTS

Method 0: dual-penalty Lagrangian (MUARL m0). MUARL mO treats both cost and uncer-
tainty as soft constraints via Lagrangian penalties:

S = yG) — . max(0, cl) — Cmax) — Ay max (0, Ul — Umax ) - (11)

This allows the planner to accept moderately uncertain trajectories when the predicted return gain is
high, while still discouraging violations. (Chua et al.| | 2018)

Method Of: feasibility-based adaptive scoring (MUARL mO0f). MUARL mOf first checks
whether sufficiently many low-uncertainty candidates exist to populate the elite set used by MPPIL.
Let N, denote the number of elite trajectories, and define

N
Nt = > U < thrpay}. (12)

j=1

If N, = Ne, MUARL mOf uses the standard Lagrangian score (as in m0). If V¢, < N, indicating

that most sampled candidates lie in a high-uncertainty regime, MUARL mOf switches to a safety-
focused fallback that prioritizes minimizing predicted cost:

S — — o), (13)

This fallback is intended to guide the agent back toward safer, more predictable regions where low-
uncertainty options reappear. (Ray et al., 2019)
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Method 1: hard uncertainty filtering (MUARL m1). MUARL ml enforces uncertainty as a
hard constraint by discarding any trajectory whose cumulative uncertainty exceeds a threshold:

]:u = {j | U(J) < umax}~ (14)

If |Fu| > N, only trajectories in JF,, are eligible for elite selection, and they are scored using a
cost-constrained Lagrangian:

SO =y — ), max(0, cl) — Cmax ), j € Fu. (15)

If |F.| < Ne, the hard constraint is temporarily infeasible; MUARL m1 falls back to cost-based
scoring to recover feasibility:

S — _ o), (16)

Compared to m0, this strategy provides stricter avoidance of high-uncertainty rollouts, at the poten-
tial cost of conservatism when uncertainty is widespread.

Baselines (single-mechanism ablations). To isolate the contribution of each safety signal, we
also evaluate:

* Cost-only: ignore uncertainty and enforce only the cost constraint,

S = VU — X, max(0,C7) — cpax). a7

* Uncertainty-only (Unc): ignore operational cost and constrain only uncertainty,

S = v — X, max(0, U — upay). (18)

C TRAINING AND IMPLEMENTATION DETAILS

C.1 MUARL WORLD-MODEL ARCHITECTURE

Table [5] summarizes the neural network architecture for the MUARL world-model components (en-
coder, dynamics, reward/cost models, and termination predictor).
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Table 5: Neural network architecture hyperparameters for MUARL world-model components. Val-
ues shown are for the standard configuration used in experiments unless otherwise noted.

Component Parameter Value Notes
Encoder
Input dimension d, Observation dimension
FC layer 1 256 hidden units
FC layer 2 512 hidden units
Output dimension 512 Latent state dimension
Activation function Mish
Normalization Layer norm, SimNorm (output)
Total parameters ~ 150K
Dynamics Model
Input dimension d, +d, =514 Concatenated state-action (512 + 2)
FC layer 1 512 hidden units
FC layer 2 512 hidden units
Evidential layer output 4 x d, = 2048 parameters (v,v,, )
Activation (trunk) Mish
Activation (v) Softplus Ensures v > 0
Activation () Softplus + 1 Ensures o > 1
Activation () Softplus Ensures 8 > 0
Normalization Layer norm, spectral norm (evidential)
Total parameters ~ 1.58M
Reward/Cost Models
Input dimension 514 State-action pair
FC layer 1 512 hidden units
FC layer 2 512 hidden units
Output dimension 101 Two-hot categorical bins
Activation function Mish
Normalization Layer norm
Total parameters =~ 578K
Termination Predictor
Input dimension 512 Latent state only
FC layer 1 512 hidden units
FC layer 2 512 hidden units
Output dimension 1 (logit)
Output activation Sigmoid Converts to probability
Activation function Mish
Normalization Layer norm
Total parameters =~ 526K

C.2 ACTOR-CRITIC ARCHITECTURE

The actor—critic components used for value learning and policy optimization are summarized in

Table
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Table 6: Neural network architecture hyperparameters for MUARL actor—critic components. Values
shown are for the standard configuration used in experiments unless otherwise noted.

Component Parameter Value Notes
Q-Function (per ensemble member)
Input dimension 514 State-action pair
FC layer 1 512 hidden units Dropout 0.01
FC layer 2 512 hidden units
Output dimension 101 Two-hot categorical bins
Ensemble size 5
Activation function Mish
Normalization Layer norm
Total parameters (single) ~ 578K Per ensemble member
Total parameters (ensemble) ~ 2.89M 5 members x 578K

Cost Value Function (per ensemble member)

Architecture
Ensemble size

Identical to Q-function
5

Total parameters (ensemble) ~ 2.89M
Policy Network
Input dimension 512 Latent state only
FC layer 1 512 hidden units
FC layer 2 512 hidden units
Output dimension 4 2 x d, (mean and log-std)
Mean activation Tanh Bounds to [—1, 1]
Activation function Mish
Normalization Layer norm
Total parameters ~ 527K
Overall Architecture
Total learnable parameters ~ 9,750,000 All components combined

C.3 TRAINING HYPERPARAMETERS

Tables[7]and [§] list the optimization settings, loss coefficients, MPPI planning hyperparameters, and
general training configuration used in all experiments (unless otherwise specified in ablations).

15



ICLR 2026 the 2nd Workshop on World Models

Table 7: Training hyperparameters for MUARL: optimization settings and loss coefficients. All

experiments use these settings unless otherwise specified in ablation studies.

Category Parameter Value
World Model Optimization
Optimizer Adam
Learning rate 1073
Encoder learning rate 10~*
Beta coefficients 51 = 0.9, By = 0.999
Epsilon 1078
Gradient clipping Max norm 10.0
Batch size 256 transitions
Sequence length H+1=6
Policy Optimization
Optimizer Adam
Learning rate 3x 1074
Beta coefficients B1=0.9, B> = 0.999
Epsilon 1075
Gradient clipping Max norm 10.0
Batch size 512 states
Loss Coefficients
Consistency loss Acons = 20
Reward loss Ar=0.5
Cost loss Ae = 0.5
Value loss Ao =10
Cost value loss Ao =1.0
Termination loss Aterm = 0.5
Evidential regularization = Ae = 0.01
Exploration bonus Cinfo = 0.01
Prior regularization Bprior = 0.5
Lagrangian Adaptation
Optimizer Adam
Learning rate ay = 0.005
Beta coefficients £1 =0.9, B = 0.999
Epsilon 10-8
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Table 8: Training hyperparameters for MUARL: MPPI planning, uncertainty normalization, and
general training settings. All experiments use these settings unless otherwise specified in ablation
studies.

Uncertainty weight

Category Parameter Value

MPPI Planning
Planning horizon H=5
Number of samples Ng =512
Number of elites N, =64
Policy trajectories N, =64
MPPI iterations K=6
Temperature B8=05
Min action std Omin = 0.05
Max action std Omax = 2.0

Uncertainty Normalization
Reservoir size 20,000 samples
Lower percentile 5th percentile
Upper percentile 95th percentile
Update frequency

Every 100 training steps
Wy = 1.

General Training

Discount factor
Replay buffer size
Random exploration episodes

v=0.99
1,000,000 transitions
5-10 episodes

Gradient updates per step 1

Target network momentum 7=0.01
Maximum steps 1,000,000
Random seeds 3

C.4 BASELINE METHODS

PETS and CAPPETS Instability. PETS (Chua et al.| 2018) and CAPPETS (Ma et al.| 2022)
exhibited highly unstable training dynamics in preliminary experiments on Safety Gymnasium tasks.
Figures |3al and |3b| show representative training curves for SafetyPointGoall, where both methods
display oscillating rewards and costs with failure to converge. PETS achieved peak rewards around
15-20 before collapsing, while CAPPETS oscillated between 0-25 reward with high variance. All of
the hyperparameters used in these experiments were the defaults from OmniSafe (Ji et al.l 2023b),
but the environments are the original Safety Gymnasium tasks, not the model-based variants.

SAC, SAC-Lagrangian and SAC-PID. SAC (Haarnojaet al.,[2019) is a widely adopted off-policy
model-free RL algorithm that optimizes a maximum entropy objective to encourage exploration.
SAC serves as an unconstrained baseline, optimizing only for task reward without explicit safety
mechanisms. SAC-Lagrangian implements constrained policy optimization using gradient-based
Lagrangian multiplier updates (Ray et al., 2019). The multiplier is optimized via gradient descent
on the dual objective, providing an alternative adaptation mechanism to PID control. SAC-PID
variant augments SAC with a PID-controlled Lagrangian multiplier for constraint handling (Stooke
et al., [2020). The PID controller dynamically adjusts the penalty weight on cost violations based
on recent constraint satisfaction, providing adaptive trade-offs between performance and safety. We
use the default hyperparameters from OmniSafe for SAC, SAC-PID and SAC-Lagrangian, without
per-task retuning, to match the Safety Gymnasium setup.

D COST AND UNCERTAINTY FIELDS: ALEATORIC SCENARIO

This section presents the training reward and cost curves together with the reconstructed cost maps
and uncertainty fields for all methods under aleatoric uncertainty conditions.
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Figure 5: Training performance in the aleatoric uncertainty environment.
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Figure 6: Safety—performance in the aleatoric uncertainty environment.
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Figure 7: Reconstructed cost map for the cost-only baseline. The learned model predicts high costs
(dark red) in obstacle and cost zone regions, with lower costs (lighter colors) in traversable areas.
This baseline does not incorporate uncertainty into planning.
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Figure 8: Method 0 with dual-penalty Lagrangian scoring. The model learns to predict both opera-
tional costs and uncertainty across the environment, with elevated uncertainty near obstacles and in
regions with limited training data.
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Figure 9: Method O with feasibility-based adaptive scoring. The spatial distribution of cost and
uncertainty estimates reflects the strategy’s adaptive behavior, switching between reward-focused
and safety-focused planning based on uncertainty levels.
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Figure 10: Method 1 with hard uncertainty filtering. The learned model captures distinct uncertainty
patterns that guide the hard constraint enforcement during trajectory selection, ensuring strict avoid-
ance of high-uncertainty regions.
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E COST AND UNCERTAINTY FIELDS: EPISTEMIC SCENARIO

This section presents the training reward and cost curves together with the reconstructed cost maps
and uncertainty fields for all methods under epistemic uncertainty conditions.
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Figure 11: Training performance in the epistemic uncertainty environment.
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Figure 12: Safety—performance in the epistemic uncertainty environment.
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Figure 13: Reconstructed cost map for the cost-only baseline in the epistemic uncertainty scenario.
The learned model predicts operational costs without accounting for regions where training data is
sparse or absent.
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Figure 14: Method 0 with dual-penalty Lagrangian scoring under epistemic uncertainty. The model
captures elevated uncertainty in regions distant from training data, allowing the dual-penalty frame-
work to balance exploration and exploitation.
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Figure 15: Method 0 with feasibility-based adaptive scoring under epistemic uncertainty. The adap-
tive mechanism responds to epistemic uncertainty by switching to safety-focused planning when
venturing into under-explored state space regions.
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erational costs across the state space. tainty patterns in unexplored regions.

Figure 16: Method 1 with hard uncertainty filtering under epistemic uncertainty. The hard constraint
enforcement strictly avoids high-epistemic-uncertainty regions, prioritizing trajectories through
well-modeled areas of the state space.
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