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ABSTRACT

Policy Learning from Video Pretraining

Zhou Bohan (Computer Application Technology)
Directed by: Prof. Lu Zongqing

ABSTRACT

In reinforcement learning, an agent improves its policy by interacting with the environ-
ment and leveraging the collected experience to accomplish decision-making tasks. In recent
years, with the rise of deep learning, backpropagation has effectively resolved the longstanding
difficulty of feature representation in reinforcement learning policy networks, thereby extend-
ing deep reinforcement learning to high-dimensional and complex decision-making tasks such
as board games, robot control, alignment of large language models, and game playing. Never-
theless, training deep reinforcement learning from scratch suffers from prohibitive exploration
costs, low efficiency, and reliance on hand-crafted reward functions, while cold-starting via
supervised learning requires expert demonstrations with extremely expensive action annota-
tions. To alleviate this dilemma, a policy learning paradigm based on video pretraining has
begun to emerge. The vast amount of action-free visual videos on the Internet encode rich vi-
sual representations and implicit behavioral priors, constituting a highly promising pretraining
resource for policy learning.

This thesis proposes a unified policy learning paradigm based on video pretraining. The
upstream stage learns dynamical representations and behavioral priors offline through video
pretraining, while the downstream stage transfers these priors to the reinforcement learning
process to improve the policy. The paradigm exhibits unity in two aspects. The first is the
universality at the level of the learning paradigm. The transfer from upstream pretraining to
downstream reinforcement learning can be uniformly adapted to both online and offline scenar-
ios with only corresponding replacements on the downstream side. The second is the generality
at the task level. Three substantially different tasks, video games, bimanual dexterous manipu-
lation, and indoor video navigation can all be incorporated into the same two-stage framework,
with the overall structure preserved.

For video games, this thesis proposes the STG framework, which corresponds to the on-
line reinforcement learning setting. The upstream conducts video adversarial pretraining in the

latent space, augmented with a temporal distance regression auxiliary task to enhance temporal
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alignment. The downstream constructs intrinsic rewards from the output of the pretrained dis-
criminator to drive online exploration. Without relying on any external environmental rewards
or action annotations, the framework achieves high sample efficiency on two high-dimensional

visual task benchmarks.

For bimanual dexterous manipulation, this thesis proposes the BiDexHD framework,
which corresponds to the online multi-agent reinforcement learning setting. The upstream
employs pretrained models to estimate three dimensional hand—object pose trajectories from
human bimanual manipulation videos, and through action retargeting maps human hand mo-
tions to robotic dexterous hands, thereby automatically constructing a decentralized partially
observable task set. The downstream applies a multi-agent reinforcement learning algorithm
to train state-based teacher policies, designs a generic staged compound reward composed of
approaching, lifting, and target bonus, and further distills the teachers into vision-based stu-
dent policies that take point clouds as input, achieving zero-shot transfer to unseen tasks and

objects.

For indoor video navigation, this thesis proposes the NOLO framework, which corre-
sponds to the offline reinforcement learning setting. The upstream adopts a pretrained optical
flow prediction model as an implicit inverse dynamics prior extractor, recovering pseudo dis-
crete actions from adjacent frames to construct complete trajectories containing both obser-
vations and actions, while simultaneously learning temporal representations with consistent
ordering. The downstream designs a policy network of bidirectional recurrent Transformer
conditioned on a context video, and performs conservative offline optimization via offline re-
inforcement learning methods. The framework enables the agent to accomplish video naviga-
tion in a previously unseen environment given only a single context video, and its cross-layout,
cross-room, and cross-simulator generalization capability is verified on two navigation simu-

lation benchmarks as well as a physical quadruped robot platform.

In summary, centered on the core principle of transitioning from upstream video pre-
training to downstream policy learning, this thesis develops three distinct implementations,
STG, BiDexHD, and NOLO, targeting visual games, bimanual dexterous manipulation, and
indoor video navigation respectively. By correspondingly encompassing both online and of-
fline reinforcement learning paradigms, this work systematically validates the efficacy of the
proposed unified framework across both task formulation and learning paradigm dimensions.
The paradigm effectively alleviates key challenges such as the scarcity of expert data, sparse re-

wards, and insufficient cross-domain generalization, and advances the practical application of
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ABSTRACT

video-driven policy learning in real world scenarios of embodied intelligence, offering signif-
icant reference value and application prospects for decision-making tasks with difficult expert
data acquisition, prohibitive environmental interaction costs, or the need for rapid generaliza-

tion to novel scenarios.

KEY WORDS: Machine Learning, Reinforcement Learning, Video Pretraining
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