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ABSTRACT

Decision Space Abstraction for Generalizable

Embodied Reinforcement Learning

Haoqi Yuan (Computer Applied Technology)
Directed by Prof. Zongqing Lu

ABSTRACT

Embodied intelligence is a key pathway toward artificial general intelligence, requiring
agents to adapt to dynamic environments, handle diverse long-horizon tasks, accommodate
heterogeneous embodiments, and generalize to unseen scenarios. As a core methodology for
embodied intelligence, reinforcement learning (RL) suffers from low sample efficiency and
poor generalization, stemming from the curse of dimensionality in the state, temporal, and ac-
tion dimensions of the Markov Decision Process in embodied environments. This dissertation
proposes a data-driven decision space abstraction methodology that leverages prior knowledge
from offline data and human demonstrations to map the high-dimensional decision space into
compact state representations, hierarchical temporal abstractions, and low-dimensional action
representations, thereby improving sample efficiency and generalization. The main contribu-
tions are as follows:

(1) State representation abstraction for dynamic environment generalization. To
address the entanglement between behavior policy features and task information in offline
meta-RL, which leads to generalization failures under out-of-distribution contexts, this work
proposes a contrastive learning-based task representation method. A bi-level task encoder
learns representations from single-step transitions by maximizing conditional mutual informa-
tion, effectively disentangling behavior policy features to extract robust task representations.
Experiments on multiple benchmarks demonstrate superior robustness over existing methods
under out-of-distribution evaluation.

(2) Temporal abstraction for long-horizon task generalization. Two progressive works
are proposed to enable efficient learning and fast adaptation in long-horizon embodied tasks.
The first pre-trains goal-conditioned policies and goal prior models on large-scale task-agnostic
datasets and clusters the goal space for hierarchical RL, achieving state-of-the-art sample ef-

ficiency in robotic manipulation and the open-world game Minecraft. Building upon this, the
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second work pre-trains a multi-goal Transformer policy and introduces prompt optimization,
further reducing exploration costs for adapting to unseen environments.

(3) Action abstraction for generalization in complex physical interactions. Targeting
cross-object, cross-scene, and cross-embodiment generalization challenges, this dissertation
studies universal grasping with dexterous hands. The first work abstracts the long-horizon
high-dimensional control problem into single-step demonstration editing, achieving state-of-
the-art success rates on thousands of simulated objects and high-success-rate zero-shot gener-
alization to 110 unseen objects and complex layouts on a real robot. The second work extracts
principal components from human grasp data to construct a low-dimensional action manifold
that unifies the action spaces of heterogeneous dexterous hands, enabling cross-embodiment
co-training and zero-shot generalization to unseen hands.

This dissertation systematically validates, across the state, temporal, and action dimen-
sions, that data-driven decision space abstraction is an effective approach to reducing explo-
ration costs and enhancing generalization in embodied RL. The proposed methods achieve
superior performance in continuous control, open-world games, and robotic manipulation,
providing methodological guidance and algorithmic foundations for building general-purpose

embodied agents.

KEYWORDS: Reinforcement Learning, Embodied Al, Generalization, Sample Efficiency,

Decision Space Abstraction

v



	摘要
	ABSTRACT

