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Abstract

Hand-craft reward engineering requires domain knowledge
with numerous trials and errors, while Preference-based Re-
inforcement Learning (PbRL) avoids manual reward design
but often suffers from limited interpretability and unstable
training. To address these issues, we propose a novel prefer-
ence alignment framework. Our approach leverages large lan-
guage models to generate sub-reward functions informed by
prior knowledge and further align human preferences by opti-
mizing the weights combining these sub-rewards. For policy
learning, we introduce Policy Optimization via Pareto Reg-
ularization (POPR) which regularizes updates along Pareto-
optimal directions. Experiments show that our framework im-
proves reward quality and policy stability, achieving superior
performance to expert-designed rewards across most tasks.

Introduction
Reinforcement Learning (RL) seeks a policy that maximizes
expected cumulative reward for a task. A core difficulty
is designing a reward function that accurately captures the
task objective and reliably guides learning. In locomotion
and robotic manipulation, crafting such rewards is time-
consuming and requires repeated hand-tuning of component
weights by experts. This trial-and-error process is computa-
tionally expensive and limited by the designer’s expertise.

PbRL circumvents the need for manual reward engi-
neering by learning a parameterized reward model directly
from human preferences, and has demonstrated effective-
ness across a variety of tasks (Christiano et al. 2017; Zhang
et al. 2024). However, implicit reward models are hard to in-
terpret and the co-adaptation between the reward model and
the policy is prone to brittle, unstable learning dynamics.
We argue these issues stem in part from ignoring the inher-
ent structure of most control tasks, which require balancing
multiple objectives (e.g., efficiency, stability, energy). The
optimal trade-offs among these objectives naturally form a
Pareto front.

Instead of learning a black-box reward model, we pro-
pose to exploit this multi-objective structure. We introduce
a novel preference alignment framework which models the
overall reward as a composition of interpretable sub-rewards
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and leverages the geometric efficiency of the Pareto front
to regularize policy optimization, leading to a more stable
and direct search for the user-preferred policy. Concretely,
the method first obtains initial optimal policy for uniformly
weighted sub-rewards, then fits reward weights to human
preference data, and finally employs a POPR step to effi-
ciently locate the policy on the frontier that aligns with those
preferences. Compared to PbRL, our approach is more inter-
pretable and easier to optimize because it tunes intuitive sub-
reward weights rather than opaque reward parameters. Com-
pared to manual reward engineering, using POPR in place of
repeated RL retraining reduces computation time and yields
more stable, progressively optimized solutions.

Method
Our framework enables efficient preference alignment
through two components: low-dimensional preference fit-
ting and Pareto-regularized policy optimization.

Preference Alignment via Weight Optimization
We cast preference alignment as a low-dimensional opti-
mization problem. Rather than learning a high-dimensional,
monolithic reward model, we represent the overall reward as
a convex combination of m interpretable sub-rewards: rω =∑m
i=1 ωiri, where the sub-reward functions {r1, . . . , rm}

are automatically generated using a Large Language Model
(LLM) to incorporate domain knowledge. The weights ω =
[ω1, . . . , ωm] are constrained to the probability simplex (i.e.,∑
i ωi = 1, ωi ≥ 0). This formulation reduces reward learn-

ing to the efficient estimation of a low-dimensional vector
ω. We fit ω to human preference data using standard PbRL
techniques. Restricting the search to this simplex yields a
compact, transparent representation. It facilitates faster con-
vergence and makes human inspection easier compared to
unconstrained, high-dimensional reward models.

Pareto-Regularized Policy Optimization
Once a new weight vector ω is obtained, the agent must ef-
ficiently transfer its existing policy to one that is optimal
for the new composite reward. We frame this transfer as a
Multi-Objective Optimization (MOO) problem:

max
θ
F (θ) = [f1(θ), f2(θ), · · · , fm(θ)], (1)
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where θ represents the parameters of policy πθ and fi(θ)
represents the expected return under the i-th sub-reward.
The optimal policies for all possible weight combinations
collectively form an efficient set in the parameter space
known as the Pareto front. Naively retraining with a standard
policy gradient can be inefficient: it might move the policy
away from the Pareto front, leading to unstable convergence.

Our key contribution is the novel integration of Continu-
ous Pareto Exploration (CPE) from the MOO field (Ma, Du,
and Matusik 2020) into the PbRL framework, addressing the
aforementioned issues of poor policy adaptation and training
instability. CPE efficiently computes the tangent direction
to the Pareto front at the current solution’s location, repre-
senting a “safe” update path that avoids performance degra-
dation on any sub-objective. Further details regarding this
methodological migration are provided in the appendix1.
Based on this, we propose POPR. The policy is optimized
by first calculating a composite gradient gtotal according to
the following rule:

gtotal = ∇θJπ(θ)− λparetoParetoExplore(θ), (2)

where the first term ∇θJπ(θ) is the policy loss gradient
from a standard policy optimization algorithm (e.g., SAC or
PPO), guiding the policy toward the new preference target.
The second term ParetoExplore(θ) is the CPE-provided tan-
gent direction to regularize the update remains aligned with
the Pareto front. The coefficient λpareto controls the strength
of this regularization. By applying gradient descent with
gtotal, POPR ensures the policy transitions smoothly along
the Pareto front, achieving rapid and stable adaptation.

Our complete framework operates by iterating between
these two components. First, we fit the weights ω to re-
flect the current human preferences. Then, we use POPR
to efficiently update the policy to be optimal for these new
weights. This iterative cycle is particularly well-suited for
real-world scenarios where human preferences may evolve
or require refinement throughout the training process.

Experiments
We evaluate our framework in two challenging robotic
manipulation environments: Meta-World (Yu et al. 2020)
and ManiSkill2 (Gu et al. 2023). Our method is com-
pared against three baselines: a policy trained with expert-
designed oracle rewards, Text2Reward (Xie et al. 2024), and
a fully LLM-based PbRL approach, Self-Alignment (Zeng,
Mu, and Shao 2024). We use Success Rate as the primary
evaluation metric because it directly reflects the policy’s
learning quality at different training stages. Detailed experi-
mental settings are provided in the appendix.

Meta-World On the two Meta-World tasks Door Un-
lock and Window Open, our method converges substantially
faster and with greater stability than Text2Reward, while
closely matching the oracle reward’s final success rates. As
shown in Figs. 1a and 1b, the learning curves show a steep
early rise for our approach, a result of high reward quality
that guides the policy effectively from the start. Our method

1https://www.lamda.nju.edu.cn/liupf/files/POPRAppendix.pdf

(a) Door Unlock (b) Window Open

(c) Open Cabinet Door (d) Pick YCB

Figure 1: Learning curves on tasks from Meta-World and
ManiSkill2. All results are obtained from five runs with dif-
ferent random seeds.

also demonstrates excellent policy stability by stably con-
verging to the oracle’s final performance. We attribute this
improved sample efficiency and stability to our use of low-
dimensional preference fitting and policy updates via POPR.

ManiSkill2 In the more complex ManiSkill2 environ-
ment, our approach produces smoother, more consistent
training over long horizons and achieves higher final per-
formance than the baselines. As shown in Figs. 1c and 1d,
Self-Alignment shows slow, noisy progress and frequent
plateaus, whereas our method yields steady, monotonic im-
provement and even surpasses the oracle reward on the Open
Cabinet Door task. These results highlight our method’s ef-
fectiveness in complex, high-dimensional tasks, where con-
straining policy updates to Pareto-optimal directions im-
proves convergence reliability and final performance.

Conclusion
This paper introduced a novel framework for efficient pref-
erence alignment that addresses the common challenges of
unstable training and poor interpretability in PbRL. By de-
composing the reward function into a weighted combina-
tion of interpretable sub-rewards generated by LLM, our
method simplifies the preference alignment process to a
low-dimensional weight optimization problem. We also pro-
posed POPR, which leverages CPE to guide policy updates
along the Pareto front, ensuring stable and efficient adapta-
tion to new preferences. Our experiments in complex robotic
manipulation tasks confirm that this approach improves re-
ward quality and policy stability, achieving performance that
surpasses other methods.
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