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ABSTRACT

Model-based reinforcement learning (MBRL) achieves superior
sample efficiency compared to model-free approaches, but its per-
formance is fundamentally limited by both the accuracy of the
learned dynamics model and the effectiveness of model utiliza-
tion. Most existing MBRL methods optimize either model learning
or model utilization in isolation, often resulting in compounding
errors and suboptimal policy performance. In this paper, we pro-
pose Dual-Enhanced Model-Based Policy Optimization (DEMBPO),
a unified framework that jointly optimizes model learning and
utilization. DEMBPO introduces a dynamic bias-shift weighting
mechanism and an adaptive bidirectional rollout strategy to si-
multaneously mitigate model bias and model shift while actively
suppressing long-horizon error accumulation. Furthermore, we in-
corporate the Wasserstein distance as a principled performance met-
ric, establishing formal theoretical guarantees for policy improve-
ment. Extensive experiments on standard MuJoCo benchmarks
demonstrate that DEMBPO consistently outperforms state-of-the-
art MBRL methods in sample efficiency while achieving asymptotic
performance on par with leading model-free approaches.
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1 INTRODUCTION

Recent advances in deep learning and computational infrastruc-
ture have driven substantial progress in reinforcement learning
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(RL), enabling breakthroughs in both academic research and real-
world applications [4, 7, 8, 11]. A central challenge in RL is balanc-
ing asymptotic performance with sample efficiency, particularly
in domains where environment interactions are costly or time-
consuming. Broadly, RL algorithms fall into two paradigms: model-
free (MFRL) and model-based reinforcement learning (MBRL) [24].
While MFRL methods have demonstrated strong asymptotic per-
formance in complex, high-dimensional control tasks [6, 8], they
often require extensive interaction with the environment, limiting
their practicality in data-constrained settings [17].

MBRL addresses this limitation by learning environment dynam-
ics models to generate synthetic trajectories—enabling rapid policy
improvement with fewer real interactions [12]. This makes MBRL
attractive for real-world and safety-critical applications. However,
its performance fundamentally hinges on the fidelity and stability
of the learned model. Two key error sources—model bias (the gap
between learned and true dynamics) and model shift (distributional
drift during updates)—compound over long rollouts, resulting in
inaccurate value estimates and degraded policies [20].

A major limitation of existing MBRL methods is the decoupling of
model learning and utilization. Many approaches alternate between
model fitting and policy optimization [3, 12], often neglecting the
dynamic interplay of model bias and shift. Some attempt to correct
for model error via return discrepancy [27], but overlook state
transition inaccuracies. Others impose fixed update thresholds [13],
sacrificing adaptability and robustness across training phases.

On the utilization side, most MBRL algorithms use static, fixed-
length forward rollouts [12] or non-adaptive bidirectional simula-
tion [16], which cannot respond to evolving model errors. Conse-
quently, compounding prediction errors in long-horizon rollouts
undermines the reliability of synthetic data and destabilizes policy
learning.

To overcome these limitations, we propose Dual-Enhanced Model-
Based Policy Optimization (DEMBPO), a unified MBRL framework
that jointly optimizes model learning and utilization. DEMBPO
enhances both model learning and utilization to enable robust,
sample-efficient policy improvement. Our main innovations are as
follows:

- Theoretical guarantee: We develop a principled objective
based on the second-order Wasserstein distance, which unifies
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model bias and shift in a single framework and yields a formal
lower bound on policy improvement.

- Dynamic joint constraint: Unlike USB-PO [27], which uses
fixed weights, DEMBPO employs an adaptive weighting mechanism
that dynamically balances model bias and model shift throughout
training, enabling stable, high-fidelity environment modeling.

- Adaptive bidirectional rollout: We introduce a flexible roll-
out mechanism that dynamically chooses trajectory direction and
length according to error accumulation, significantly mitigating
long-horizon error propagation.

Extensive experiments on five MuJoCo continuous control tasks
show that DEMBPO achieves superior sample efficiency and final
performance, matching or exceeding the best existing model-based
and model-free methods. Overall, DEMBPO provides a unified, theo-
retically principled, and practically robust solution for model-based
RL, bridging the gap between sample efficiency and asymptotic
performance.

2 RELATED WORK

Model-based reinforcement learning (MBRL) has been extensively
studied due to its potential for high sample efficiency in sequential
decision-making [12, 24]. Classical frameworks such as Dyna [25]
first leveraged learned dynamics models to generate synthetic
data, significantly reducing environment interactions required for
policy improvement. Building on this foundation, many recent
MBRL approaches have integrated advanced model-free RL algo-
rithms—including SAC [8] and TD3 [6]—as policy optimizers, fur-
ther improving empirical performance.

A persistent challenge for MBRL is providing theoretical guar-
antees for policy improvement. While model-free methods such
as TRPO [23] and conservative policy iteration (CPI) [14] deliver
monotonic improvement, most MBRL algorithms focus on minimiz-
ing “return discrepancy” [12, 26], which often ignores the impact of
model shift across iterations. To address this, CMLO [13] imposes
a fixed threshold on model updates to control policy divergence,
but such static regularization lacks adaptability and can lead to
suboptimal performance as training progresses. USB-PO [27] takes
a step further by jointly regularizing model bias and shift, but relies
on manually chosen weights, limiting its flexibility under diverse
learning dynamics.

Recent work highlights primacy bias in model-based RL, where
learning can be overly shaped by early data and early model er-
rors [21]. This is especially relevant in online MBRL with non-
stationary data. DEMBPO addresses this by explicitly regularizing
both bias and shift during model updates, using dynamic weighting
to avoid a fixed early-stage tradeoff, and adapting bidirectional
rollouts to reduce harmful error accumulation when the model is
unreliable.

On the model utilization side, a key limitation in MBRL is the
compounding error that arises from long-horizon rollouts with
imperfect models [1]. Methods such as model ensembles [3, 15, 22]
and uncertainty-aware rollout truncation [26] have been proposed
to alleviate this issue. BMPO [16] explores bidirectional rollouts,
allowing the model to generate samples from both forward and
backward perspectives, but uses static rollout directions that do not
adapt to error accumulation during training.
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Confidence-aware bidirectional imagination in offline MBRL [18]
also emphasizes not trusting unreliable model states; our online
approach differs but shares the motivation of coupling bidirectional
rollouts with error-aware control.

Generative data augmentation methods aim to expand cover-
age or reshape the data distribution by synthesizing additional
transitions/trajectories. This is complementary to our focus on
controlling the bias-shift tradeoff in model updates and the error
accumulation in rollout usage; thus, generative augmentation and
DEMBPO are largely orthogonal and potentially composable.

In parallel, recent advances in latent dynamics and sequence mod-
eling, such as Dreamer [9, 10] and Transformer-based MBRL [2, 5],
have demonstrated strong sample efficiency and asymptotic perfor-
mance, especially in high-dimensional or pixel-based environments.
However, these methods predominantly rely on empirical heuristics
and still lack explicit theoretical guarantees for policy improvement
or error control.

Despite these advances, few prior works offer a unified, adaptive
framework that addresses both the theoretical bias-shift tradeoff in
model learning and the practical challenge of error accumulation
in model utilization. Our work bridges this gap by introducing a
theoretically grounded dynamic weighting mechanism, together
with adaptive bidirectional rollouts, resulting in robust and efficient
MBRL across diverse tasks.

3 PRELIMINARIES

Consider a Markov Decision Process (MDP) defined by the tuple
M =(S, A, p, 1,7, po), where S and A denote the state and action
spaces, y € (0, 1) is the discount factor, p(s’|s, a) represents the
transition dynamics, and r(s, a) is the reward function. We denote
pm=(s’|s,a) as the true environment dynamics with initial state
distribution pg(s).

The optimal policy 7" maximizes the expected return under the
true environment M™*:

7* = argmax V.
T

where Vir. =B 4, x(s,) [Z yr(sear) | So} s 1)
sex1~ppr (Clse.az) | =0
so ~ po(s)

MBRL algorithms learn an approximate transition model par(s’|s, a).
We define:

Vip: Expected return of policy 7 under model M.

V7IM; Expected return of policy 7 derived from model M in the
real environment.

ry: Model-predicted reward function.

Let M and IT denote parameterized families of models and poli-
cies. The normalized discounted state-action distribution under
model M and policy 7 is:

dy(s.@) = (1=y) ). y'ply ()x(als),

t=0

@

where p7, ,(s) = P(s; = s | 7, M) is the state distribution at timestep
t.
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4 DEMBPO: DUAL-ENHANCED MODEL-BASED
POLICY OPTIMIZATION

This section presents our Dual-Enhanced Model-Based Policy Op-
timization (DEMBPO), a unified framework for model-based rein-
forcement learning that jointly optimizes model generation and
model utilization. Unlike conventional MBRL methods, which de-
couple model training from policy optimization—often leading to
compounding prediction errors and unstable learning—DEMBPO
integrates both components into a single, theory-guided pipeline.
Our approach enables dual enhancement: improving model fidelity
through adaptive error control, and enhancing data utility via in-
telligent rollout strategies.

Specifically, Section 4.1 outlines the overall architecture, em-
phasizing the integration of model learning and policy updates
within a coherent optimization loop. In Section 4.2, we introduce
the second-order Wasserstein distance as a principled performance
metric, unifying model bias and model shift into a composite error
framework. This analysis yields a formal lower bound on policy
improvement, providing theoretical guarantees absent in most ex-
isting MBRL methods. Building on this foundation, Section 4.3
proposes a dynamic weighting mechanism that adaptively balances
bias reduction and shift regularization over training, implemented
without hand-tuned schedules. Finally, Section 4.4 introduces an
adaptive bidirectional rollout strategy: by learning both forward
and backward dynamics models, DEMBPO dynamically selects the
trajectory direction with minimal predicted error accumulation,
effectively mitigating long-horizon inaccuracies.

Together, these components form a complete MBRL framework
that bridges theoretical rigor and practical efficiency, achieving
robust and sample-efficient policy optimization through synergistic
model design.

The algorithm’s pseudocode, main code and detailed derivation
process are provided in the supplementary material.

4.1 The Overall Algorithm

Figure 1 illustrates the DEMBPO framework. Unlike conventional
MBRL methods that decouple model learning from policy opti-
mization—often leading to compounding errors and unstable train-
ing—DEMBPO unifies both components into a single, synergis-
tic pipeline. Our approach enables dual enhancement: improving
model generation through adaptive error control, and enhancing
model utilization via intelligent rollout strategies.

We adopt a two-stage modeling strategy to balance model fi-
delity and stability. In the first stage, we fit the dynamics model via
maximum likelihood estimation (MLE), minimizing prediction error
to reduce model bias. However, aggressive bias reduction alone can
induce large distributional shifts when the policy updates, desta-
bilizing value estimation and degrading performance. To address
this, in the second stage, we introduce a joint optimization objec-
tive that simultaneously reduces bias and constrains model update
magnitude:

Py, = arg min Edﬁl At) - Wa(pmy, pm+)

PMm,

+ (1= A1) - Wa(pmy» puy) ©)
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This objective uses the second-order Wasserstein distance W, to
jointly measure model bias (between the updated model M, and the
true environment M*) and model shift (between M, and the previ-
ous model M), quantified via their state-action distributions under
the current policy. The weighting coefficient A(#) adapts throughout
training to balance these two terms: high in early stages to priori-
tize model accuracy, and low in later stages to suppress excessive
updates, thereby enforcing stable and reliable model learning.

In the model utilization phase, we further enhance the quality
and reliability of synthetic data. Inspired by BMPO [16], DEMBPO
learns both a forward dynamics model and a backward transition
model, each paired with its corresponding policy network. Dur-
ing virtual trajectory generation, the algorithm adaptively selects
between forward and backward rollout paths based on estimated
cumulative prediction error, favoring the direction with slower
error growth. This mechanism effectively mitigates long-horizon
error propagation and significantly improves trajectory fidelity.

Finally, DEMBPO maintains a highly modular design in the pol-
icy optimization stage, enabling seamless integration with advanced
model-free reinforcement learning (MFRL) algorithms. In this work,
we adopt Soft Actor-Critic (SAC) [8] as the policy optimizer within
the MBPO [12] framework. MBPO [12] provides a principled and
stable foundation for model-based policy updates, balancing sam-
ple efficiency and performance, making it an ideal host for our
dual-enhancement mechanisms.

4.2 Theoretical Analysis

In model-based reinforcement learning (MBRL), policy improve-
ment hinges on both the accuracy and stability of the learned dy-
namics model. Yet conventional methods typically focus only on
minimizing prediction error—i.e., model bias—while overlooking
the distributional shift induced by iterative model updates under
evolving policies. This shift can destabilize value estimation and
lead to compounding errors in long-horizon rollouts, even when
the model is accurate on past data.

To establish a verifiable performance guarantee, we introduce
the Wasserstein distance as a unified metric that jointly captures
model bias and model shift. Building on this foundation, we derive
a lower bound on policy improvement that explicitly depends on
a composite error—the sum of expected bias and shift under the
current policy distribution. This theoretical result provides a prin-
cipled basis for algorithm design, linking model learning directly
to reliable policy optimization.

Wasserstein distance as a principled metric. The Wasser-
stein distance, also known as the Earth Mover’s Distance, provides
a geometrically meaningful measure between probability distri-
butions even when their supports are non-overlapping—a critical
advantage over traditional metrics like KL divergence. Formally:

Definition 4.1 (First-order Wasserstein Distance). Given a met-
ric space (S, d), the first-order Wasserstein distance between two
probability distributions i, pp € P(S) is defined as:
inf E ~ild(s,s
M) (s1,82) _/[ ( 1 2)]

Wi, p2) = 4)

where IT(p1, p12) denotes the set of all joint distributions with marginals
p1 and pi;.
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Figure 1: The DEMBPO framework. DEMBPO unifies model learning and utilization within a single optimization pipeline.
During model generation, we implement a two-stage modeling strategy with dynamic bias-shift balancing. During model
utilization, our adaptive bidirectional rollout mechanism selectively generates trajectories from forward and backward models

based on error accumulation.

This geometric property makes Wasserstein distance particu-
larly suitable for MBRL, where state distributions often lie on low-
dimensional manifolds. For Gaussian distributions p ~ N (p1,21)
and g ~ N(, 23), the second-order Wasserstein distance has a
closed-form solution:

Wa(p,q) =

2 1 1\2 (5)
||,Ul —[12”2 +trX; +trX, — 2tr (222 21222)

This closed-form expression is crucial for practical implementation,
as it allows direct computation from model predictions.

Lipschitz continuity assumption. We note that if the value
function is L-Lipschitz continuous with respect to the state metric
(a property satisfied by many neural approximators and entropy-
regularized policies), then the integral probability metric (IPM) be-
tween transition dynamics can be directly bounded by the Wasser-
stein distance:

LEMMA 4.2 (IPM-WASSERSTEIN EQUIVALENCE). For any two mod-
els M, M’ € M, the IPM between their transition dynamics satisfies:

s By pp [F ()] = Egrepy, [FHI| = L Wi(pmt. pwrr) - (6)

where 1, denotes the set of all L-Lipschitz functions.

Performance improvement guarantee. Our theoretical frame-
work centers on establishing a lower bound for policy improvement
in the true environment. We define the performance difference be-
tween consecutive iterations as:

Definition 4.3 (Performance Difference Bound). Let V™M denote
the expected return of policy x derived from model M in the true
environment M*. A non-negative lower bound C > 0 on the perfor-
mance difference:

ymlMe _ymiM s o

™

guarantees monotonic policy improvement when C > 0.

To derive this bound, we decompose the performance difference
into three components:
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THEOREM 4.4 (PERFORMANCE DIFFERENCE DECOMPOSITION). For
models My, M; € M and corresponding policies 7y, 7, € I1:

yMe _ymiMe (Vﬂz\Mz _ VA]/Z) _ (Vﬂl\Ml _ V]\’Z)

Model error at s Model error at 1

+ (V- )
[ ——

Model improvement

The first two terms represent model error at different policy
iterations, while the third term captures improvement within the
model. We now bound the third term:

THEOREM 4.5 (MODEL RETURN BOUND). Suppose the value func-
tion Vi is L-Lipschitz continuous with respect to the state metric
d(-,-). Then for any policies 1, m; and models M, M,

77.'1>

T2
Vi -Vl >

2L
f7s 1oy max Wi (7 (s), 72(s))

B (Waow, o) ©)

I-y

Combining these results, we derive the complete performance
bound:

THEOREM 4.6 (CoMPOSITE ERROR PERFORMANCE BOUND). Let

e]’\r/;i = E(s,a)~d17\[4ii (Wi (pm;, pm+)] denote the model bias and
eﬁf = E(s,a)~d1’\’,}1 [Wi(pm,, pm,)] denote the model shift. Then:
Vﬂz‘Mz _ V”l‘Ml > ZLY 6751 _ T2 €M2
T1-y M M; M
1
~y max Wi (71 (s), 72(s)) (10)

Practical implications. Equation 10 reveals that performance
improvement depends on three critical factors: 1. Reduction in
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model bias (6;,11 - 6;122) 2. Controlled model shift (—EAA:,IIZ) 3. Small
policy updates (maxs Wi (71 (s), m2(s)))
Notably, the cross-term Edj’\? [Wi(pm,, pa= )]_Edzi\? (W1 (Pmy, pm+)]

is of higher order and can be sz;fely ignored under stazndard assump-
tions that policy updates are sufficiently small [12]. Returning to
our objective, to ensure a performance improvement guarantee, it is
imperative to maximize the term C. This implies that we should aim
to minimize W; (le,pMz) + W (pMz,pM*). It is important to high-
light that for 1 < p < g, the Wasserstein distance W, (pm, pmr) <
Wy (pam, par) [19]. This implies that Wi (pas, pmr) < Wa (pa, parr).
This leads to our key insight:

COROLLARY 4.7 (OPTIMIZATION OBJECTIVE). To guarantee policy
improvement, we should minimize the composite error:

8composite =1- de’fl [WZ (PMZ,PM*)]

+ (1 - A) : Ed;\r/’l [VVZ(pMppMz)] (11)

where A € [0, 1] balances model bias and model shift.

This composite error formulation directly informs our algorithm
design in the following two sections, establishing a theoretically
grounded connection between model learning and policy improve-
ment. All proofs and detailed derivations are deferred to the sup-
plementary material.

4.3 Dynamic Bias and Shift Constraints

This section focuses on the model learning component of MBRL.
Building on the preceding theoretical analysis, we observe that the
policy improvement bound in MBRL depends on both model bias
and model shift, whose relative importance changes throughout
training. Early on, severe underfitting makes bias the main bottle-
neck as the model struggles to capture environment dynamics. As
the model improves, large updates can cause model shift, degrading
performance by disrupting previously learned dynamics. This evolv-
ing balance of error poses a challenge: static bias-shift trade-offs
(e.g., USB-PO [27]) cannot jointly optimize fast early learning and
stable late-stage performance, often leading to suboptimal results.

To address this limitation, we introduce a dynamic weighting
mechanism that adaptively balances model bias and model shift
throughout training. Building upon the joint optimization objec-
tive in Equation 3, we parameterize A(t) as an exponential decay
function:

A(t) = Amax : e_kt + Amin : (1 - e_kt) (12)

where Amax = 0.8, Apin = 0.2, and k > 0 controls the decay rate
(empirically set to k = 0.005). This functional form was selected
for its smooth transition properties and alignment with the natural
progression of model learning.

This design embodies clear phase-dependent semantics with
theoretically grounded parameter choices:

Early training (t — 0): A(t) — Amax, prioritizing bias reduc-
tion through larger parameter updates to rapidly fit environment
dynamics. This aggressive phase enables the model to quickly over-
come initial underfitting, capturing the most salient features of
environment dynamics.

Late training (t — o0): A(t) — Anin, emphasizing shift regu-
larization by effectively tightening the “trust region” to preserve
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high-performing solutions. This conservative phase prevents de-
structive model updates that would otherwise degrade previously
learned accurate dynamics.

The specific values of Apay and Apmin were determined through
theoretical analysis of the performance bound (Equation 10) and em-
pirical validation across multiple environments. Setting Ap,x = 0.8
ensures sufficient emphasis on bias reduction without completely ig-
noring model shift even in early stages, while Apin = 0.2 maintains
some focus on continued model refinement even during stabiliza-
tion.

Integrating this schedule into our theoretical framework, the
performance improvement bound extends to:

2L
m|My _ vy M 4 (ST T
ymiMe _ ym 12—1_)/(10) (€ —en
~(1-2) ) -0@n  (13)

where O(Ar) represents policy difference terms as in Equa-
tion 10.

Theoretically, as long as A(t) varies smoothly and converges to
a stable value, our framework preserves fundamental convergence
properties while adapting to training dynamics. This mechanism
implements an adaptive error suppression strategy with practical
implementation considerations:

When model bias dominates (617\1;111 > eﬁf) high A(t) encour-
ages exploration to rapidly improve model accuracy through larger
gradient steps

When model shift becomes critical (eﬁf > 6:411), low A(t) en-
hances stability by constraining update magnitudes through smaller
effective learning rates

This “coarse-to-fine” learning strategy effectively mitigates the
problem of single-error dominance by dynamically allocating opti-
mization resources to the most pressing error source at each train-
ing stage. The resulting training dynamics ensure model learning
remains both efficient and robust throughout the entire training
trajectory, with empirical evidence showing faster convergence to
high-fidelity models and more stable policy learning compared to
static weighting approaches.

4.4 Adaptive Bidirectional Rollout

We introduce an adaptive bidirectional rollout mechanism as the
core of DEMBPO’s model utilization. Unlike conventional MBRL
methods that tolerate error accumulation in long rollouts, DEMBPO
actively selects the most reliable trajectory direction, substantially
improving the quality of synthetic data for policy optimization.

Error accumulation challenge. Even high-fidelity models can
yield minor prediction errors that compound over multi-step roll-
outs, ultimately producing trajectories that deviate from true dy-
namics. Previous approaches rely on either single forward rollouts
(MBPO [12]) or fixed-length bidirectional rollouts (BMPO [16]),
without dynamic adaptation to changing error profiles.

Forward and backward models. DEMBPO employs both for-
ward and backward dynamics models within a probabilistic ensem-
ble. The forward model pys(s’|s, a) is parameterized as a Gaussian:

pm(s’ls,a) = N(um(s, a), Sp(s, a)) (14)
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where the diagonal covariance X (s, a) captures transition uncer-
tainty. This ensemble models both aleatoric and epistemic uncer-
tainties [3], leading to improved performance as shown in [12].

The forward model is trained via maximum likelihood estimation
(MLE) on real environment data:

LM(G) = E(s,a,s')~fD ”/JM(Ss a) - s/Hé—l
M

+ log det (s, a) (15)
Similarly, we construct a backward dynamics model py,-1(s|s’, a)
with identical architecture.

Backward rollouts require generating plausible actions without
policy guidance. DEMBPO addresses this by introducing a reverse
policy network my-1(als”), which infers actions from future states
and is trained via maximum likelihood on real trajectories:

Lr(9) = —Esav)~p [log my-1(als)] (16)

Adaptive rollout strategy. The key innovation of our approach
lies in dynamically selecting between forward and backward roll-
out paths based on estimated cumulative prediction error. While
theoretically optimal to compute error accumulation directly (e.g.,
via negative log-likelihood or Wasserstein distance), we propose a
computationally efficient approximation: using rollout length as a
proxy for error accumulation.

Given a maximum rollout length H, we allow forward and back-
ward paths of lengths k; and k; with k; + k; < H, and select
the shorter path as the output trajectory. This is justified by the
error-length correlation: in probabilistic models, prediction error
grows exponentially with rollout steps, so shorter rollouts are more
reliable due to less compounded uncertainty in both directions.
Moreover, Theorem 4.8 shows that the return deviation bound de-
pends on min(ky, k;), meaning the minimum rollout length directly
determines the error upper bound and selecting the shorter path
effectively approximates the optimal error-minimizing strategy.

Theoretical advantage. To quantify our strategy’s superiority,
we analyze the return deviation bound under branched rollouts:

THEOREM 4.8 (BRANCH RETURN BOUND). Let n[x]| denote the
expected return of policy 1 in the true environment M*, and n® " 1]
the return under branched rollouts. Define €,,, as the model error upper
bound and €, as the policy difference upper bound. Under rollout
lengths ky (forward) and k; (backward), the return deviation satisfies:

|’7[”] _']branch[ﬂ,” < Zrﬂ )/k1+k2+l€7r
S l-y| Loy

17)

+ min(ky, k2) - €m

The dominant term min(ky, kz) - €, reveals the fundamental ad-
vantage of our approach: - Single-direction rollout (e.g., MBPO): er-
ror accumulation o< H - €, - Fixed bidirectional rollout (e.g., BMPO):
error accumulation oc % - €m - Adaptive bidirectional rollout (DEM-
BPO): error accumulation o« min(ky, k2) - €,

This demonstrates that DEMBPO reduces error accumulation
to the theoretical minimum by adaptively selecting the path with

slower error growth. The mechanism effectively transforms model
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utilization from passive error acceptance to active error mitigation,
significantly enhancing the reliability of synthetic data and the
stability of policy learning. !

5 EXPERIMENTS

We evaluate DEMBPO across five MuJoCo continuous control bench-
marks (Walker2d, Ant, Humanoid, HalfCheetah, and Hopper) em-
ploying the standard 1000-step setup with uniform environment
configurations. Our experimental protocol systematically addresses
three core questions:

(1) Does DEMBPO achieve state-of-the-art sample efficiency
and asymptotic performance compared to MBRL baselines?

(2) How do the dual-enhancement modules—composite error op-
timization and adaptive bidirectional rollouts—individually
and jointly impact performance?

(3) To what extent does the dynamic weighting mechanism
resolve the bias-shift tradeoff as predicted by our theoretical
framework?

5.1 Comparison with State-of-the-Art Methods

We compare DEMBPO with strong model-based and model-free
baselines that incorporate principled mechanisms for controlling
model error and/or improving rollout usage. Our goal is to evalu-
ate performance under matched environment-interaction budgets
(Fig. 2), while also reporting SAC trained for a longer budget as a
ceiling reference.

MBRL baselines. For model acquisition, we include USB-PO [27],
which balances model bias and model shift via a fixed weight-
ing, and CMLO [13], which uses environment-specific constraints
to limit harmful model shift. For model utilization, we include
BMPO [16], which generates short-horizon bidirectional rollouts
using both forward and backward dynamics models. We also com-
pare against MBPO [12], which serves as the underlying branched-
rollout framework that our method builds upon.

MFRL baseline. We report SAC [8]. In Fig. 2, the solid SAC
curve corresponds to training SAC under the same interaction
budget as the model-based methods, while the dashed line indicates
SAC’s converged performance when trained for 3M steps (ceiling
reference).

Rollout settings. For MBPO, we follow the default configuration
in the original paper and generate only forward rollouts with a
fixed horizon. For bidirectional methods, the forward/backward
rollout lengths are sampled within a predefined range following
prior work [13].

Figure 2 summarizes learning curves across tasks. Overall, DEM-
BPO tends to learn faster than the compared MBRL methods and
achieves competitive final performance within the same interaction
budgets. The gains over the strongest baselines (e.g., USB-PO) are
task-dependent: in several environments DEMBPO provides clear
improvements, while in others the final performance is comparable.
When compared to SAC, DEMBPO substantially improves sample
efficiency relative to SAC trained under the same limited budget,
and its final performance is generally close to the SAC ceiling on
some tasks but can remain below it on others.

! Appendices


https://github.com/echowyt/DEMBPO
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Figure 2: Comparison against baselines on continuous control benchmarks. Solid curves refer to the mean performance of
trials over different random seeds, and the shaded area refers to the standard deviation of these trials. Dashed lines refer to the

asymptotic performance of SAC (at 3M steps).

Sample efficiency. Across tasks, DEMBPO typically reaches
strong returns earlier than the MBRL baselines in Fig. 2, especially
on Walker2d, Ant, and HalfCheetah.

Final performance. Under the matched MBRL budgets, DEM-
BPO achieves consistently strong final returns and is competitive
with the best-performing MBRL baselines. Relative to the SAC ceil-
ing (3M steps), DEMBPO is close on some tasks, though it does not
uniformly match SAC across all environments.

Stability. We observe that some baselines show larger variability
and occasional oscillations on challenging tasks (e.g., Humanoid),
whereas DEMBPO generally exhibits smoother learning curves.
BMPO can be competitive on simpler tasks but may lag behind
on complex environments, suggesting that bidirectional rollouts
benefit from being coupled with explicit error control.

5.2 Ablation Studies

We analyze the contribution of the two enhancements in DEMBPO
by evaluating four variants:

None: Standard MBPO with return discrepancy. This variant
uses neither the composite bias-shift constraints during model
acquisition nor adaptive bidirectional rollouts during model utiliza-
tion.

Without bias/shift constraints: A variant that uses adaptive
bidirectional rollouts but removes the composite bias-shift con-
straints in model learning.
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Figure 3: Ablation study showing the necessity of dual-
enhancement modules.

Without bidirectional rollouts: A variant that retains the
composite bias-shift constraints in model learning but uses forward-
only rollouts (the same rollout setting as MBPO) during policy
optimization.

All (Ours): Full DEMBPO implementation.
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Figure 3 shows that removing either enhancement leads to a clear
degradation on Walker2d, suggesting that the two components are
complementary in practice.

The Without bidirectional rollouts variant (forward-only rollout)
underperforms the full method, which indicates that incorporating
backward rollouts can provide additional useful synthetic transi-
tions and improve learning when the learned dynamics is suffi-
ciently reliable.

The Without bias/shift constraints variant also falls short of the
full method, suggesting that explicit control of model error is par-
ticularly important when training the policy with bidirectional
model-generated data.

Overall, the full DEMBPO achieves the most favorable learning
curve in this task, consistent with our design goal of coupling
constrained model learning with bidirectional rollouts.

5.3 Dynamic Weighting Analysis
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w
o
o
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=
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—— Positive dynamic weights(ours)
Equal dynamic weight
o —— Inverted weights

T T T T
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Figure 4: Dynamic weighting strategy comparison. Our tem-
porally adaptive approach outperforms static alternatives by
balancing exploration and stability.

To validate the effectiveness of the dynamic weighting mecha-
nism, we compare three different weighting schemes, and compares
three weighting strategies on Walker2d:

Positive dynamic weights (Ours): A(¢) decays exponentially
from 0.8 to 0.2, emphasizing bias early and stability later.

Equal dynamic weight: A(t) is fixed at 0.5, representing a
simplified version of USB-PO[27] that applies equal weighting to
bias and shift.

Inverted weights: A(t) increasing from 0.2 to 0.8, where the
weight schedule is reversed, representing a "stable-first" approach.

Empirical results align with theoretical predictions: Figure 4
shows that the choice of schedule can noticeably affect learning.
The decaying schedule yields the strongest curve among the three
in this task, while the fixed and inverted schedules are less effective
under the same interaction budget. A plausible explanation is that
the relative importance of controlling model bias and model shift
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changes over training: placing more emphasis on bias early can
help learning when the model is still inaccurate, whereas gradually
increasing emphasis on shift later can improve stability as rollouts
become longer and policy updates become more sensitive to distri-
bution shift. We view these results as supportive evidence that a
time-varying schedule can be beneficial, although the best schedule
may depend on the task and training budget.

5.4 Summary of Experimental Findings

Overall, our experiments provide consistent evidence that DEMBPO
is a strong online MBRL approach on standard MuJoCo benchmarks:
Sample efficiency: DEMBPO often reaches strong returns earlier
than MBPO and other MBRL baselines, indicating improved learn-
ing speed under the same interaction budgets. Training stability:
On challenging environments (e.g., Humanoid), DEMBPO tends to
exhibit smoother learning curves and fewer pronounced oscillations
than several baselines, aligning with the intended effect of dynami-
cally balancing bias and shift during training. Final performance:
DEMBPO achieves competitive end-of-budget returns across tasks
and, on some environments, approaches the long-budget SAC ceil-
ing, while still operating in the sample-efficient MBRL regime.

The ablation results show that both composite error optimization
and adaptive bidirectional rollouts contribute to the gains, and the
dynamic weighting analysis further indicates that the schedule
choice can materially affect learning behavior. Taken together, these
results support DEMBPO as a practically effective and theoretically
motivated framework that improves the reliability of online model-
based policy optimization. Detailed settings and additional results
are provided in the supplementary material.

6 CONCLUSION

In this work, we introduced DEMBPO, a principled model-based
reinforcement learning framework that systematically tackles both
model learning and model utilization challenges in MBRL. By dy-
namically balancing model shift and model bias via adaptive weight-
ing and bidirectional rollouts, DEMBPO effectively mitigates error
accumulation and delivers robust policy improvement. Our incor-
poration of the Wasserstein distance not only grounds policy op-
timization in solid theory but also strengthens the robustness of
model learning.

Extensive experiments on standard continuous control bench-
marks demonstrate that DEMBPO consistently achieves superior
sample efficiency and asymptotic performance, outperforming ex-
isting MBRL baselines and approaching or even exceeding the per-
formance of model-free RL in several tasks. These findings validate
our dual-optimization strategy and underline the necessity of co-
ordinated model learning and utilization for scalable and reliable
MBRL.

Looking forward, we plan to extend the adaptive bidirectional
modeling paradigm to broader MBRL settings, deepen theoreti-
cal understanding of bias and shift dynamics, and further explore
principled strategies for robust and efficient model-based policy
optimization.
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