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ABSTRACT

Offline Reinforcement Learning allows agents to learn policies from
pre-collected datasets by imposing conservative constraints to ad-
dress the out-of-distribution problem. However, existing methods
face a critical challenge of constraint conflict with datasets gen-
erated by multiple behavior policies, and these policies suggest
conflicting actions that lead the agent towards suboptimal perfor-
mance. Geometric distance-based and advantage-weighted methods
can be employed to address this problem. These methods exhibit
several limitations, including sensitivity to low-quality data, high
computational cost, and over conservatism. To overcome these lim-
itations, we propose Adaptive Weighted Constraint (AWC), which
mitigates constraint conflicts by training a constraint network via
adaptive weighted behavior cloning. AWC dynamically assigns im-
portance weights to dataset actions based on their consistency with
the current policy, ensuring that the constraint is informed by the
behavior and its distance to the policy. Inspired by the robustness
of central tendency estimators in statistics, we apply the weighted
geometric median of the actions as a stable target for the policy
constraint. Experiments on D4RL benchmarks demonstrate AWC
outperforms prior methods on a majority of tasks.
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1 INTRODUCTION

Reinforcement Learning (RL) enables agents to learn optimal de-
cision making through interactions with the environment [29].
However, in many real-world applications, such as robotics and
healthcare, continuous interaction with the environment is imprac-
tical or unsafe [15, 26, 32, 33]. This limitation has motivated the
development of Offline Reinforcement Learning (Offline RL), also
known as Batch RL [7, 13]. Its goal is to learn effective policies
from pre-collected datasets without interactions with the environ-
ment. The key challenge in Offline RL is the Out-of-Distribution
(OOD) problem. When the learned policy executes actions that
are not well covered by the dataset, the value function can suffer
from extrapolation errors [23], leading to catastrophic performance
failures [13]. This issue is typically addressed by constraining the
policy to remain close to the behavior policy through regulariza-
tion [6, 7, 11, 30, 31], or by penalizing the value function for OOD
actions [1, 10, 12].

While effective for datasets that are collected by a single be-
havior policy, these methods may be ineffective when the dataset
is collected by multiple behavior policies—a common scenario in
practice. In such cases, the agent encounters the constraint con-
flict problem, where there exist conflicting actions from multiple
behavior policies, this problem forces the learning policy toward
an ineffective average behavior, leading to overly conservative or
suboptimal performance [2, 9, 16, 17, 24, 28]. The constraint con-
flict problem can be addressed through geometric distance-based or
advantage-weighted methods. Geometric distance-based methods
design constraints by prioritizing proximal actions, based on the
actions in the dataset and their geometric distance to the current
policy [14, 25, 27]. However, such methods can be highly sensitive
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to corrupted or low-quality data: if corrupted or low-quality state-
action pairs are chosen to design constraints, they may misguide
the learning process and lead to a suboptimal policy. Additionally,
they often require exhaustive searches across the entire dataset
during the learning process, resulting in high computational costs.
Advantage-weighted methods [16, 20-22, 24] guide policies towards
high-advantage actions, thereby naturally avoiding constraint con-
flicts from lower-advantage actions. However, these methods may
tend to learn overly conservative policies when dealing with low-
quality datasets, significantly limiting their effectiveness [8].

To overcome the limitations of existing methods, we propose a
novel approach called Adaptive Weighted Constraint (AWC). Specif-
ically, our method begins by applying an action distance metric to
assign weights to the actions in the offline dataset, giving higher
weights to actions that are closer to the current policy. Based on
these weights, a constraint network is trained to theoretically learn
the weighted geometric median as the constraint target. The geo-
metric median is naturally resistant to outliers and effectively iden-
tifies central action tendencies, making it suitable for stable policy
constraints, especially for low-quality or mixed-quality datasets
[3, 4, 18, 19].

In summary, constraint conflict is a critical challenge in offline
RL, especially when learning from datasets generated by multiple
behavior policies. By combining action-distance weighting with
the weighted geometric median as a stable constraint target, our
method addresses this issue.

2 METHODOLOGY

Our method begins by assigning adaptive weights to actions in the
offline dataset O based on their proximity to the current policy. For
each given state s, we consider all associated actions a € D, where
D ={a | (s,a) € D} denotes the set of dataset actions paired
with state s. The weighting scheme prioritizes actions that are
geometrically closer to the current policy’s output, with weights
increasing as the Euclidean distance decreases. Specifically, we
compute weights as follows:

1

””actor(s) - a||§ + 6w’
where 7,c10r (S) represents the current actor policy being optimized,
and €,, is a hyperparameter, which is set to a small positive value to
prevent division by zero and to bound the maximum weight. Then
we normalize these weights across all actions associated with the
state s:

1)

w(s,a) =

w(s, a) @
Za/eDS W(S, a/) '

To construct effective policy constraints while avoiding inter-
ference from irrelevant or conflicting actions, we apply a filtering
mechanism. We select actions whose normalized weights exceed a
threshold €,, forming a candidate set A, (s):

Ac(s) ={alaeDs,w(s,a) > e},

w'(s,a) =

®)
which removes actions from D that lie far from the current policy
in the action space, thereby reducing the influence of potentially
misleading behaviors.

To address outliers and conflicting actions, we utilize the geo-
metric median as the constraint target, inspired by its statistical
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robustness properties. For a given state s, the constraint target
g (s) is defined as the weighted geometric median of the filtered
action candidate set A.(s). As it lacks a closed-form solution, the
target is implicitly defined by the following optimization problem:

Ggn(s) =arg min > w'(s,0) - |ly - all (@)

yeR acAc(s)
It has been proven that the geometric median provides strong theo-
retical advantages as a robust estimator of centrality [19]. This may
be especially beneficial in offline RL with mixed-quality datasets,
where suboptimal or outlier actions could mislead the policy.

The constraint network parameters 6 are optimized to learn
agm(s) by minimizing the expected weighted distance to high-
importance actions within each batch, which is defined by the
following loss function based on Equation (8):

Leon(0) = Es~8,a~ﬂc(s) [W’(S, a) - ||con (53 0) — all2], (5)

The actor network is by minimizing the following loss function:

Lactor(¢) = ES~D [ - AQ(S’ Tlactor (S; ¢))
+ ”7[actor(5;¢) - ﬂcon(S; 9)”%]’

where the first term maximizes the expected return through the
Q-function, the second term regularizes the actor policy towards
the constraint network output, and the hyperparameter A balances
these two objectives.

(6)

3 EXPERIMENTS

To evaluate the effectiveness of the proposed approach, we conduct
experiments on the D4RL benchmarks [5]. Table 1 reports the aver-
age normalized scores and standard deviations across 10 random
seeds. AWC demonstrates strong performance, achieving the best
results in 5 out of 9 tasks.

Table 1: Average normalized scores. Scores with the highest
mean are highlighted.

Task name(-v2)  TD3+BC A2PO wPC PRDC DOGE ours
halfcheetah-m 48.3 47.1 533 63.5 45.3 57.1+0.7
halfcheetah-m-r 44.6 44.8 48.3 55.0 42.8 494+ 05
halfcheetah-m-e 90.7 95.6 93.7 94.5 78.7 101.1 + 1.0
walker2d-m 83.7 84.9 86.0 85.2 86.8 91.5+5.7
walker2d-m-r 81.8 82.8 89.9 92.0 87.3 96.8+1.4
walker2d-m-e 110.1 112.1 110.1 111.2 110.4 112.8 + 0.4
hopper-m 59.3 80.3 86.5 100.3 98.6 89.9 £7.2
hopper-m-r 60.9 101.6 97.0 100.1 76.2 102.1+ 0.3
hopper-m-e 98.4 113.4 95.7 109.2 102.7 111.9 £ 2.0

4 CONCLUSION

This paper introduces the Adaptive Weighted Constraint, a novel
approach for effectively resolving constraint conflicts in offline RL.
AWC achieves effective policy learning from mixed-quality datasets.
First, we develop an adaptive weighting scheme that dynamically
prioritizes actions according to their relevance to the current policy.
Second, we propose a constraint method based on the weighted
geometric median, which demonstrates strong robustness against
outlier actions and conflicting constraints. Evaluations on the D4RL
benchmarks show that our method achieves competitive perfor-
mance.
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