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Abstract
Reinforcement learning (RL) in robotics is often limited by the cost and risk of data collection,
motivating experience transfer from a source task to a target task. Offline-to-online RL leverages
prior data but typically assumes a given fixed dataset and does not address how to generate reliable
data for transfer. We propose World Model-based Experience Transfer (WOMBET), a framework
that jointly generates and utilizes prior data. WOMBET learns a world model in the source task
and generates offline data via uncertainty-penalized planning, followed by filtering trajectories with
high return and low epistemic uncertainty. It then performs online fine-tuning in the target task us-
ing adaptive sampling between offline and online data, enabling a stable transition from prior-driven
initialization to task-specific adaptation. We show that the uncertainty-penalized objective provides
a lower bound on the true return and derive a finite-sample error decomposition capturing distri-
bution mismatch and approximation error. Empirically, WOMBET improves sample efficiency
and final performance over strong baselines on continuous control benchmarks, demonstrating the
benefit of jointly optimizing data generation and transfer.
Keywords: Offline-to-Online RL, Experience Transfer, World Models

1. Introduction
Reinforcement learning assumes abundant interaction and frequent resets–conditions rarely satis-
fied in real-world robotics, where data collection is expensive and unsafe Radosavovic et al. (2024);
Li et al. (2025); Gupta et al. (2025). As a result, RL methods achieve strong asymptotic perfor-
mance but remain sample-inefficient. Like biological systems that continually reuse past experience
through internal world models, we seek to enable experience transfer: leveraging data collected in
a source environment to improve sample efficiency and robustness in a target environment Wil-
son and McNaughton (1994); Lee and Wilson (2002). Existing paradigms address this only par-
tially. Online RL adapts to new tasks but requires extensive interaction and faces distributional shift
between source and target experiences Feng et al. (2023); Zhou et al. (2025); Kim and Sreenath
(2026). Offline RL avoids unsafe exploration but but degrades under limited or mismatched data
Yu et al. (2020); Kumar et al. (2020); Kostrikov et al. (2021); Yu et al. (2021). Applying it to
real-world robotics often requires high-quality expert demonstrations or extensively tuned model-
based controllers–assumptions that are unrealistic in many cases Cai et al. (2024); Kim et al. (2025);
Kim (2026). Offline-to-online RL combines these by pretraining offline and fine-tuning online Nair
et al. (2020); Lee et al. (2022); Rafailov et al. (2023); Smith et al. (2023); Singh et al. (2020),
but assumes access to high-quality offline data without addressing how to obtain or safely reuse
it. Model-based RL (MBRL) provides a principled way to generate data by learning a predictive
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Figure 1: WOMBET pipeline: uncertainty-aware model-based data generation in the source task,
followed by adaptive offline-to-online learning with iterative model updates.

world model. Planning-based approaches use the world model for control via model predictive con-
trol (MPC) Chua et al. (2018); Wang and Ba (2019), while Dyna-style methods use the model to
generate synthetic rollouts for policy learning Janner et al. (2019); Sutton (1991). However, both
faces limitations for transfer: MPC-based methods tend to generate low-diversity trajectories due
to exploitation, and model-generated data can introduce bias when used without reliability control.
Consequently, existing approaches struggle to provide reliable and adaptable data for transfer.

We propose World Model-based Experience Transfer (WOMBET), a unified framework that
couples uncertainty-aware model-based offline data generation with online fine-tuning through iter-
ative model-policy co-evolution. In each iteration, a world model generates trajectories in the source
task via uncertainty-penalized MPC, and a dual criterion–high return and low epistemic uncertainty–
filters reliable rollouts to form an offline dataset DS . WOMBET then performs off-policy policy
optimization in the target task, to maximize a provable lower bound on the true return, while adap-
tive data mixing balances bias and variance between offline (DS from the source task) and online
(DT collected in the target task) experience. The world model is continuously refined using the
aggregated dataset D = DS ∪DT , improving prediction accuracy and expanding the reliable plan-
ning region. This alternating process unifies the exploitation strength of MBRL with the exploration
capability of model-free RL. Our contributions are threefold:

(1) Coupled data generation and transfer. We introduce a framework that jointly generates
and utilizes prior data for transfer, instead of assuming a fixed offline dataset. WOMBET uses
uncertainty-aware planning to construct data and iteratively refines both the world model and policy.

(2) Reliable data curation and adaptive transfer. We propose (i) a dual-criterion filter selecting
trajectories with high return and low epistemic uncertainty, and (ii) an adaptive sampling strategy
that balances offline and online data based on TD error.

(3) Theoretical and empirical validation. We show that uncertainty-penalized planning max-
imizes a lower bound on the true return and derive a finite-sample error decomposition capturing
distribution mismatch and approximation error. Experiments demonstrate improved sample effi-
ciency and final performance over strong baselines on continuous control benchmarks.

2. Related Work
Offline-to-online RL. This paradigm combines offline data efficiency with online adaptability to
accelerate learning when interaction is costly Mao et al. (2022); Song et al. (2022); Rafailov et al.
(2023). Early methods stabilize fine-tuning via advantage-weighted updates or constrained policy
improvement Nair et al. (2020); Ball et al. (2023), while later work improves robustness through
fixed offline critics, ensemble critics, and transition weighting Lee et al. (2022). Architectural com-
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ponents such as symmetric replay buffers, ensemble critics, and layer normalization (LayerNorm)
can further stabilize training without explicit regularization Ba et al. (2016); Ball et al. (2023).
Other studies explore pretraining on related tasks to enhance exploration or show that keeping the
offline dataset is unnecessary when pre-trained rollouts suffice for initialization Zhou et al. (2024).
Behavior cloning and conservative value regularization are also used, but often require delicate
tuning and may limit long-term performance Kumar et al. (2020); Yu et al. (2021). Learning-from-
demonstration methods differ in relying on expert trajectories for imitation rather than addressing
distributional shift during online fine-tuning Hester et al. (2018); Nair et al. (2018). Overall, most
methods treat offline data as static and independent of the target task, leaving data generation, critic
stability, and robust exploration unresolved.
MBRL for data generation and offline learning. Model-based approaches improve sample effi-
ciency by learning a predictive world model and leveraging it either for planning or data generation.
Planning-based methods perform control via MPC Chua et al. (2018); Wang and Ba (2019), while
Dyna-style methods such as MBPO generate short synthetic rollouts to train model-free policies
Janner et al. (2019). MOPO introduces uncertainty-based reward penalties to mitigate model ex-
ploitation Yu et al. (2020), and COMBO extends this with conservative value estimation Yu et al.
(2021). The main difficulty in model-based offline RL is model bias: compounding prediction er-
rors can degrade value estimation and lead to unsafe policies Rafailov et al. (2023). To address this,
ensemble-based uncertainty penalizes unreliable or out-of-distribution (OOD) rollouts, often com-
bined with behavior regularization or conservative value estimation. However, most methods use
the learned model only once for rollout generation or regularization, without iterative refinement.
WOMBET instead alternates between uncertainty-penalized data generation and online fine-tuning,
updating both model and policy using aggregated experience. This iterative process unifies model-
based offline RL and online adaptation for experience transfer.

3. Preliminaries

We consider an MDP M = (S,A, P, r, µ0, γ) with state space S, action space A, transition kernel
P (s′|s, a), reward r(s, a), initial distribution µ0, and discount factor γ ∈ [0, 1). A policy π(a|s)
aims to maximize the discounted return J(π) = Eπ,P [

∑∞
t=0 γ

tr(st, at)]. We study two tasks shar-
ing dynamics but differing in reward and initial state: the source task MS = (S,A, P, rS , µS0 , γ)
and the target task MT = (S,A, P, rT , µT0 , γ). The objective is to maximize the target return
JT (π) = Eπ,P [

∑∞
t=0 γ

trT (st, at)], using an offline dataset from MS and online data from MT .

4. WOMBET: World Model-based Experience Transfer

Unlike standard offline-to-online RL, which assumes access to offline data, WOMBET addresses
the problem of generating transferable experience. The challenge is not only utilizing prior data,
but generating reliable data from a source task that can accelerate learning in a target task.

4.1. World Model-based Data Generation

A key component of WOMBET is the construction of the offline dataset DS from a source task.
Rather than assuming a given dataset, WOMBET generates DS via world model-based planning.

A probabilistic ensemble P̂S = {P̂ (i)
S }Ei=1 approximates P (s′|s, a) Chua et al. (2018). Under

MPC, the optimal horizon-H action sequence solves
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a∗t:t+H−1 = arg max
at:t+H−1

EP̂S

[
H−1∑
k=0

γkrS(st+k, at+k)

]
. (1)

Only the first action a∗t is executed. Repeating this procedure yields model-based rollouts DS .
In WOMBET, this process is iterative–the model P̂ is continually refined with D = DS ∪ DT ,

progressively improving predictive accuracy and uncertainty estimation over iterations.

4.2. Robust Planning with a Provable Performance Lower Bound

Source experience DS provides a strong initialization, but rollouts under the world model P̂ re-
main prone to bias and over-optimism. To ensure reliability, WOMBET introduces an uncertainty
penalty during MPC, forming a conservative surrogate that lower-bounds the true return under
dynamics P . The true return JP (π) = Eπ,P [

∑H−1
t=0 r(st, at)] deviates from the model return

JP̂ (π) = Eπ,P̂ [
∑H−1

t=0 r(st, at)] due to model bias. Let V π
P (s) = Eπ,P [

∑H−1
t=0 r(st, at) | s0 = s]

denote the value function of MPC under true dynamics. We assume that V π
P is Lv-Lipschitz in state,

i.e., |V π
P (s1)−V π

P (s2)| ≤ Lv∥s1−s2∥ for all (s1, s2). We also assume that the ensemble uncertainty
u(s, a) upper-bounds the Wasserstein distance between transition kernels, W1(P, P̂ ) ≤ u(s, a) for
all (s, a). Define the one-step model bias Gπ(s, a) = EP̂ [V

π
P (s′)]− EP [V

π
P (s′)]. Then

|Gπ(s, a)| ≤ LvW1(P, P̂ ) ≤ Lv u(s, a). (2)

This follows from the Lipschitz property of V π
P and the definition of W1 (see Yu et al. (2020)).

Expanding the Bellman telescoping yields

JP (π) ≥ Eπ,P̂

[H−1∑
t=0

(r(st, at)− λu(st, at))
]
, (3)

for any λ ≥ Lv. Since JP (π) − JP̂ (π) =
∑

t Eπ,P̂ [G
π(st, at)], (2) and bounding each term by

Lvu(st, at) yields (3). Defining the penalized reward r̃(s, a) = r(s, a)− λu(s, a) gives

JP (π) ≥ Eπ,P̂

[H−1∑
t=0

r̃(st, at)
]
=: J̃P̂ (π), (4)

so maximizing J̃P̂ under P̂ maximizes a certified lower bound on JP . Since (4) holds at each time
horizon, the receding-horizon controller that greedily maximizes the penalized return satisfies

JP (πMPC) ≥ EπMPC,P̂

[H−1∑
t=0

r̃(st, a
⋆
t )
]
, (5)

which is precisely the quantity optimized online. Thus, uncertainty-penalized MPC maximizes a
provable lower bound on the true return, balancing reward exploitation under P̂ with avoidance of
high-uncertainty regions where u(s, a) is large.

4.3. Dual-Criterion Filtering for Reliable Offline Data from MBRL

A central component of WOMBET is the generation of the offline dataset DS . Unlike prior work
that assumes a given dataset, WOMBET generates DS from rollouts of a source-trained world model
P̂ , via model-based planning and explicitly controls its reliability through filtering. Since P̂ ̸= P ,
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naı̈vely using all synthetic trajectories induces model bias. WOMBET controls dataset reliability
at generation time via MPC planning and uncertainty-aware filtering. A probabilistic ensemble
P̂ = {P̂ (i)}Ei=1 is used within MPC to optimize short-horizon returns under P̂ , synthesizing diverse
high-return behaviors without costly real interaction Chua et al. (2018). Epistemic uncertainty–
estimated by ensemble predictive variance–serves as a proxy for model error. Rather than correcting
this error only during learning (e.g., MOPO Yu et al. (2020)), WOMBET preemptively removes
unreliable trajectories by a dual-criterion filter: a trajectory τ is accepted and appended to DS iff

ū(τ) := 1
H

H−1∑
t=0

u(st, at) ≤ uth, J(τ) :=

H−1∑
t=0

γtrS(st, at) ≥ Jth, (6)

where uth and Jth are user-specified thresholds controlling uncertainty and return levels, respec-
tively. Accepted rollouts are relabeled with the target reward rT (s, a) to form DS . This step (i)
suppresses bias by excluding high-uncertainty regions and (ii) yields a compact, high-value dataset
that accelerates transfer. As online data accumulates, the model is refined and filtering is repeated,
gradually expanding DS toward a broader yet reliable state-action region.

4.4. Mixed Data Training

Given the constructed dataset DS and online data DT , WOMBET performs policy optimization
using a mixture of offline and online experience.

Let DS and DT denote offline and online datasets collected in the source and the target tasks
respectively. Batches are sampled from Dmix = αDS + (1 − α)DT , where α ∈ [0, 1] adaptively
balances bias and variance. An ensemble critic {Qϕi

}Ni=1 is trained with a robust Bellman target:

L(i)
critic = E(s,a,r,s′)∼Dmix

[
(Qϕi

(s, a)− T πQϕ̄(s, a))
2
]
, (7)

where T πQ(s, a) = rT (s, a) − Is∈DS
λu(s, a) + γEa′∼π(·|s′)[miniQϕ̄i

(s′, a′)]. Here u(s, a) esti-
mates epistemic uncertainty via a model ensemble Chua et al. (2018), and λ > 0 scales the uncer-
tainty penalty, inducing a robust lower bound on the return. LayerNorm Ba et al. (2016) stabilizes
the critic, and the actor maximizes the conservative value: Lactor = −Es∼Dmix [miniQϕi

(s, πϕ(s))].

4.5. Bounding Extrapolation Error via Implicit Regularization

When the policy π starts interacting with the target environment, it encounters (s, a) pairs that lie
outside the support of the offline dataset DS Lee et al. (2020); Park et al. (2024). On such OOD
inputs, function approximators often overestimate Q-values–extrapolation error–causing value ex-
plosion and unstable updates. WOMBET mitigates this not by explicit penalties but through implicit
regularization inherited from RL with prior data (RLPD) Ball et al. (2023), a SAC-based algorithm
that incorporates LayerNorm, ensuring conservative and stable value estimates through two com-
plementary mechanisms: architectural bounding and algorithmic robustness. Each critic employs
LayerNorm across hidden layers to constrain activations and thereby bound Q-value magnitudes.
For a critic Qϕ(s, a) = w⊤ReLU(ψθ(s, a)), where ψθ(s, a) is LayerNorm-activated,

∥Qϕ(s, a)∥ = ∥w⊤ReLU(ψθ(s, a))∥ ≤ ∥w∥ ∥ψθ(s, a)∥. (8)

Since LayerNorm normalizes ∥ψθ(s, a)∥ across inputs, ∥Qϕ(s, a)∥ remains bounded by ∥w∥, even
for OOD samples. This architectural constraint prevents value explosion and stabilizes gradi-
ent propagation during learning. Complementing this bound, WOMBET uses an ensemble critic
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Figure 2: Sample efficiency of WOMBET vs. online RL baselines across target tasks.

{Qϕi
}Ni=1 and computes Bellman targets using the ensemble minimum:

y(r, s′) = r + γmin
i
Qϕ̄i

(s′, a′), a′ ∼ π(·|s′). (9)

Taking the ensemble minimum reduces overestimation, particularly where critic disagreement in-
dicates uncertainty. This ensemble-induced pessimism acts as an implicit regularizer, keeping ex-
trapolated values conservative without extra penalty terms. Together, these regularizations maintain
bounded and stable value estimates as WOMBET transitions from offline to online learning.

4.6. Mitigating Distributional Shift with Adaptive Sampling

While implicit regularization limits local extrapolation error, a more fundamental issue arises from
the global shift in the state-action distribution as the policy evolves. As πk adapts, its visitation
distribution dπk

diverges from the offline distribution dDS
, which biases value estimation. WOM-

BET mitigates this through adaptive sampling, dynamically balancing bias and variance in critic
updates. At iteration k, critic updates draw samples from a mixture distribution d(k)mix = αkdDS

+

(1 − αk)dD(k)
T

, where D(k)
T is the online replay buffer and αk ∈ [0, 1] controls the contribution of

offline and online data. A larger αk stabilizes training using reliable offline data, while a smaller αk

reduces bias by emphasizing online experience. Let Q̂ denote the learned critic that approximates
the true value functionQπk . The trade-off follows the domain adaptation bound Edπk

[
|Q̂−Qπk |

]
≤

E
d
(k)
mix

[
|Q̂−Qπk |

]
+LW1(dπk

, d
(k)
mix), where L is the Lipschitz constant of the pointwise error map

f(s, a) = |Q̂(s, a) − Qπk(s, a)| with respect to (s, a). The optimal mixture coefficient α∗
k mini-

mizes this upper bound, defined as α∗
k = argminα∈[0,1]{ϵapprox

(
Dmix(α)

)
+LW1

(
dπk

,Dmix(α)
)
},

where ϵapprox(D) := EdD

[
|Q̂−Qπk |

]
is the critic’s approximation error under dataset/distribution

D, and Dmix(α) denotes the mixture dataset induced by d(k)mix = αdDS
+ (1− α) dD(k)

T

.

WOMBET measures critic reliability using the mean absolute TD error on recent online data.
When the TD error is large (implies underfitting), more offline samples are used to stabilize updates.
As the TD error decreases, sampling shifts toward online data to improve adaptation. At iteration k,
the TD error is δ(k)T = E(s,a,r,s′)∼BT

[
|Qϕ(s, a) − y(r, s′)|

]
, where BT denotes the target task replay

buffer. It is smoothed via exponential averaging δ̄(k)T = (1 − βema)δ̄
(k−1)
T + βemaδ

(k)
T , and used
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Figure 3: Comparison of offline RL baselines and WOMBET across target tasks. Bars show offline
performance on DS and the red dashed line denotes WOMBET’s post-adaptation return.

to update the mixing ratio αk = clip
(
λgainδ̄

(k)
T , αmin, αmax

)
. This rule approximates the gradient

of the error bound with respect to αk, adjusting data composition based on critic uncertainty. As
learning progresses, δ̄(k)T stabilizes and αk converges to a balanced ratio, keeping WOMBET stable
in early training and increasingly adaptive later, enabling robust and efficient transfer learning.

4.7. Robust Surrogate Optimization and Performance Guarantee

Building on the preceding analysis, we establish a unified performance bound for WOMBET. Its
two-layer design–uncertainty-penalized offline data generation and adaptive fine-tuning–ensures
reliable offline initialization and stable online transfer. In the offline phase, MBRL with an uncer-
tainty penalty produces conservative trajectories for DS , which are later relabeled with rT to align
with the target task. The online phase is entirely model-free and optimizes unpenalized target re-
turns from real interactions. The remaining suboptimality arises from how accurately the learned
critic Q̂ approximates the true target value Qπ

T during fine-tuning.
The total estimation error can be decomposed into two sources:

sup
(s,a)

|Qπ
T (s, a)− Q̂(s, a)| ≤ |Qπ

T −Qπ
mix|︸ ︷︷ ︸

(a) Distribution mismatch

+ |Qπ
mix − Q̂|︸ ︷︷ ︸

(b) Finite-sample approximation

, (10)

where Qπ
mix denotes the ideal action-value under the mixed visitation distribution dmix = αdDS

+
(1− α) dDT

. WOMBET minimizes both components through its model-based data generation and
adaptive sampling mechanisms.

Given the mixed dataset Dmix and critic class F , a PAC-style Agarwal et al. (2019) bound gives

|Qπ
mix(s, a)− Q̂(s, a)| ≤ O

(
rmax
1−γ

√
ln(|F|/δ)
|Dmix|

)
, (11)

where rmax := sups,a |rT (s, a)|, γ ∈ (0, 1) is the discount factor, and δ ∈ (0, 1) is the confidence
parameter. Intuitively, PAC bounds state that with probability at least 1−δ, the critic’s generalization
error decreases as the dataset size grows. WOMBET mitigates this term via (i) adaptive sampling,
which balances bias and variance, and (ii) implicit regularization (LayerNorm and ensemble-min
targets), which improve generalization and prevent value divergence.
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Figure 4: WOMBET vs. offline-to-online baselines (offline RL with fine-tuning) across target tasks.

Deviation between the mixed-data critic and the true target critic satisfies

|Qπ
T (s, a)−Qπ

mix(s, a)| ≤
γ

1−γLV ∆P , (12)

where ∆P := sups,aW1

(
PT (·|s, a), PS(·|s, a)

)
quantifies the dynamics discrepancy between tar-

get and source, and LV is the Lipschitz constant of the value function V π
P with respect to state.

WOMBET reduces this term through dual-criterion filtering, which constrains DS to high-return,
low-uncertainty trajectories. As online data accumulates and the mixing weight αk decreases, the
influence of mismatched source samples further diminishes.

Combining both bounds, WOMBET optimizes a robust surrogate objective while explicitly con-
trolling approximation and distributional errors. The resulting policy satisfies

JT (πWOMBET) ≥ J̃T (πWOMBET)−O
(

γ
1−γLV ∆P + rmax

1−γ

√
ln(|F|/δ)
|Dmix|

)
, (13)

showing that WOMBET achieves conservative yet asymptotically consistent transfer by coupling
model-based uncertainty-aware data generation with model-free fine-tuning.

5. Experiments

We evaluate WOMBET on diverse MuJoCo benchmarks to examine: (1) sample efficiency: whether
experience transfer accelerates learning over online RL trained from scratch, (2) necessity of fine-
tuning: whether transferred data alone can solve the target task without fine-tuning, (3) transfer
effectiveness: how WOMBET compares with existing offline-to-online baselines, and (4) com-
ponent contribution: the impact of dual-criterion filtering and adaptive sampling. We measure
normalized return and shaded regions indicate standard deviation across 5 seeds.

5.1. Sample Efficiency: WOMBET vs. Online RL

We evaluate whether WOMBET improves sample efficiency over standard online RL. We compare
against SAC, PPO, and TD3 trained from scratch on the target task MT Schulman et al. (2017);
Haarnoja et al. (2018); Fujimoto et al. (2018). As shown in Figure 2, WOMBET learns faster
and achieves higher asymptotic returns. The filtered dataset DS provides a strong prior, allowing
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Figure 5: Comparison between WOMBET with adaptive sampling (blue) and a symmetric fixed-
ratio variant (orange) across target tasks.

WOMBET to focus on refinement rather than initial exploration. This gain comes from uncertainty-
aware planning and filtering, which produce reliable and transferable experience. In contrast, SAC,
PPO, and TD3 rely on uninformed exploration, resulting in slower convergence. Across six envi-
ronments, WOMBET attains comparable or better final returns with less than half the interaction
budget, demonstrating improved sample efficiency.

5.2. Necessity of Online Fine-tuning: WOMBET vs. Offline RL

We evaluate the necessity of online fine-tuning by comparing WOMBET to BC, IQL, CQL, MOPO,
and COMBO, each trained only on the model-generated dataset DS Kostrikov et al. (2021); Kumar
et al. (2020); Yu et al. (2020, 2021). These methods are evaluated on the target task MT without
further interaction, forming a zero-shot transfer setting. As shown in Figure 3, offline-only methods
perform well when MS and MT are closely aligned but degrade under moderate shifts. Although
DS is reliable, it reflects source dynamics and rewards rather than those of MT . Without online up-
dates, policies cannot adapt to new rewards or unseen state-action regions. WOMBET addresses this
by refining both policy and model through interaction, enabling adaptation beyond the offline data
support. The consistent gap shows that gains come not only from pretraining but from effectively
leveraging prior data for exploration and refinement.

5.3. Effectiveness of Experience Transfer: WOMBET vs. Offline-to-Online Baselines

We next compare WOMBET with state-of-the-art offline-to-online RL methods to evaluate its trans-
fer effectiveness. Each baseline is pretrained offline on the same model-generated dataset DS and
then fine-tuned online in the target environment MT . Note that all methods are initialized with
the same dataset DS generated by WOMBET, which isolates the effect of the transfer mechanism
while controlling for data construction. As shown in Figure 4, WOMBET consistently achieves
higher sample efficiency and asymptotic return than all baselines. This improvement stems from
its integrated transfer design: dual-criterion filtering provides reliable initialization, and adaptive
sampling enables a smooth offline-to-online transition, maintaining a balanced bias-variance trade-
off from the outset. In contrast, conventional pretrain-finetune pipelines face abrupt distributional
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Figure 6: Ablation of WOMBET’s dual-criterion filter across target tasks.

shifts–their offline-trained critics and actors often fail to adapt to online data, causing unstable or
inefficient exploration. By coupling model-based pretraining with robust online transfer, WOMBET
avoids this mismatch and achieves stable, data-efficient policy improvement, confirming its ability
to transfer model-based experience into high-performing online control.

5.4. Importance of WOMBET’s Core Components for Offline Data Generation

We evaluate whether WOMBET’s performance arises from its key components: adaptive sampling
and dual-criterion filtering. For adaptive sampling, we compare the full method–where αk is ad-
justed using the critic’s TD error–to a fixed-ratio baseline (αk = 0.5). As shown in Figure 5,
the fixed schedule is stable but learns slower and reaches lower returns. The adaptive rule shifts
weight from offline to on-policy data, maintaining a bias-variance balance during training. For
dual-criterion filtering, we compare the full rule (high reward and low uncertainty) with reward-
only, uncertainty-only, and unfiltered variants (Figure 6). All degraded variants reduce perfor-
mance: reward-only includes unreliable samples, uncertainty-only is overly conservative, and no
filtering amplifies model bias. The dual-criterion filter yields trajectories that are both reliable and
task-relevant. Across tasks, these components are complementary and necessary for stable transfer
and data-efficient fine-tuning.

6. Discussion and Conclusion

WOMBET presents a unified framework for offline-to-online RL that combines conservative model-
based data generation with model-free fine-tuning. Unlike prior methods that assume a fixed offline
dataset, WOMBET constructs transferable experience from a source task. It addresses a key limita-
tion of MBRL–policy exploitation of model errors–by integrating uncertainty-aware data generation
with adaptive policy updates. In the source task, uncertainty-penalized MPC with dual-criterion fil-
tering produces reliable, high-return trajectories that form the offline dataset. In the target task,
model-free learning with adaptive sampling balances stability from offline data and exploration
through interaction. Regularized updates and normalization further stabilize value estimation. Over-
all, WOMBET couples conservative data generation with adaptive learning, mitigating model bias,
improving sample efficiency, and enabling robust transfer across continuous control tasks.
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