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Abstract

In recent years, the rapid development of short video platforms such as Douyin and Kuaishou, driven
by the mobile internet, has made them important channels for public entertainment. The explosive growth
in user scale and content quantity has exacerbated the problem of information overload. Although
recommendation systems have effectively improved content distribution efficiency, they still face
challenges: first, the cold-start problem caused by the lack of historical behavior data for new users; second,
the over-reliance on historical preferences, which can lead to content homogenization and the "information
cocoon," thereby damaging content diversity and the long-term user experience. To address these issues,
this thesis primarily conducts the following research:

(1) To address the cold-start problem caused by the sparsity of interaction data for new users, a
meta-learning recommendation method based on multi-level coarse- and fine-grained enhanced preferences
(MCFPEM) is proposed. Within the meta-learning framework, this method constructs multi-level user
preference profiles from both "rating-level" and "category-level" perspectives, designs a coarse- and
fine-grained preference fusion mechanism, and incorporates information from similar user groups to
enhance the robustness against noise in feature representations. Building upon this, an enhanced
preference-specific adapter is constructed to map the multi-level user representations into the model
parameter space. By dynamically modulating the predictive network parameters via a gating mechanism, it
enables the model to achieve rapid personalized adaptation to diverse user tasks. Experimental results
demonstrate that, compared with the optimal baseline models, MCFPEM reduces the MAE by 0.41% and
improves the NDCG@5 by 0.60% on the MovieLens dataset; furthermore, on the Douban Book dataset, the
MAE is reduced by 0.50% and the NDCG@)5 is improved by 0.50%.

(2) To address the issue that existing users with abundant interaction data are prone to being trapped in
an "information cocoon"—which negatively impacts content diversity and long-term user experience—a
recommendation method based on Causal Preference Modeling and Offline Reinforcement Learning
(CPMORL) is proposed. In the user model pre-learning stage, adopting DeepFM as the backbone network,
contrastive learning and data augmentation strategies are integrated to enhance the discriminative capability
of user-item feature representations. Coupled with causal inference techniques, it achieves an unbiased
estimation of users' true preferences. In the reinforcement learning strategy optimization stage, an offline
reinforcement learning framework is constructed based on the PPO algorithm. A counterfactual stratified
prediction mechanism and a cost-sensitive reward function are introduced as conservative constraints,
explicitly transforming the risk of content homogenization into a penalty term. This mechanism guides the

policy to conduct diverse action sampling within the support set of the offline data distribution, thereby



effectively suppressing the Out-of-Distribution (OOD) reward overestimation problem and achieving a
balance between recommendation accuracy and long-term diversity. Experimental results demonstrate that,
in terms of cumulative reward (R;,)—the most critical metric for evaluating the long-term value of
interactive recommender systems—CPMORL achieves improvements of 33.54% and 6.39% over the
best-performing baselines on the KuaishouRec and KuaiRand Pure datasets, respectively.

(3) To verify the feasibility and effectiveness of the two proposed recommendation methods in
practical application scenarios, we integrate the MCFPEM and CPMORL methods to design and implement
a comprehensive short video recommendation system. The system's core functions encompass registration
and login, personalized recommendation feeds, category browsing, search, and behavioral interactions on
the user end, as well as user and video management on the administrator end. Based on the volume of user
interaction data, the system automatically identifies user types and dynamically invokes the corresponding
recommendation strategies, thereby delivering differentiated recommendation services for new and existing
users. Functional testing and operational validation demonstrate that the system operates stably, provides
highly efficient personalized recommendations, and exhibits excellent overall performance, successfully

achieving the anticipated design objectives.

Key words: Short video recommendation; Meta-learning; Causal reinforcement learning; Cold start;

Information cocoon
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