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Abstract

Designing a proper reward function remains a core challenge in reinforcement learning.
Mainstream preference-based reinforcement learning methods follow a two-stage procedure: first
fit a reward function from human preferences, then train a policy using it. This intermediate step
can introduce bias in complex environments—when preference data is limited, the fitted.reward
function may give misleading guidance on out-of-distribution states. To address this, we propose
Preference-based Imitation Learning (PrelL), which does not model the reward function
separately. Instead, a discriminator serves as the direct source of reward sighals-and is updated
synchronously during policy training, ensuring that the reward signal always adapts to the current

policy distribution.

We question the Bradley-Terry model from three aspects: it decomposes trajectory reward
into a step-wise sum, thereby losing temporal ordering information; recovering precise per-step
reward values from limited preference pairs is fundamentally ill-posed; and its assumption of
step-wise summation conflicts with the holistic nature of human judgment. Based on these
observations, we introduce the concept of Global Temporal Quality (GTQ) to characterize
humans' overall evaluation of trajectories,.and summarize three basic properties as the foundation

for subsequent analysis.

Inspired by Generative Adversarial Imitation Learning (GAIL), we design an LSTM-based
temporal discriminator to-distinguish preferred trajectories from dispreferred ones. The
discriminator output-directly serves as a dense reward signal to guide policy improvement. We
further integrate n-step Q-learning with preference imitation learning, constructing learning
targets from discriminator outputs over trajectory subsequences, which yields improved

performance.

Experimental results on six Atari games show that PrelL achieves an average HNS of 45.6%,
compared to -3.1% for PrefDQN and -12.1% for PrefNSDQN. Ablation studies indicate that the
performance gain originates primarily from the imitation learning framework rather than n-step
Q-learning. This work offers an alternative perspective for preference-based reinforcement

learning.
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