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Abstract

In the context of cross-domain product recommendation in e-commerce, this study addresses the
sparsity of target-domain interaction data and the difficulty of modeling and optimizing users’ long-
term preferences. Building on dynamic heterogeneous graph representations and multi-view align-
ment learning, the recommendation process is formulated as a constrained Markov decision pro-
cess with transfer cost constraints, and an offline reinforcement learning method, DHGCRL, is pro-
posed. The model constructs the state from three-view representations derived from the source-
domain local graph, target-domain local graph, and cross-domain global heterogeneous graph, and
performs Top-K product list decision-making by combining candidate set constraints with Slate Q-
based list value approximation. The reward function integrates target-domain feedback with a
cross-domain alignment similarity shaping term to strengthen target-domain preference modeling.
Meanwhile, the transfer cost is defined as the cosine distance between the recommended list rep-
resentation and the stable interest representation in the source domain. By jointly modeling return
value and cost value, the method learns a revised value function that guides policy optimization
under a predefined cost threshold. To improve the stability of offline training, conservative value
learning and behavior-consistency regularization are further introduced. Experimental results
demonstrate that DHGCRL outperforms a range of sequential recommendation and offline rein-
forcement learning baselines in terms of HR and NDCG.
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Table 2. Multi-model comparison results
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SASRec 0.17873 0.32091 0.11984 0.19267 0.14538 0.27946
BERT4Rec 0.17162 0.30341 0.12427 0.19836 0.14819 0.28357
SlateQ 0.16841 0.29526 0.12178 0.19544 0.14732 0.28118
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DRR 0.16047 0.28135 0.11516 0.18728 0.13921 0.27049
CQL 0.18663 0.33874 0.13389 0.21943 0.16824 0.30938
IQL 0.18817 0.34192 0.13618 0.22126 0.17016 0.31247
DHGCRL 0.19524 0.35583 0.14231 0.23144 0.17728 0.32493

Table 3. Ablation study results
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DHGCRL 0.19524 0.35583 0.14231 0.23144 0.17728 0.32493
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Figure 1. Experiment on hyperparameter of reward shaping term weight
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Figure 2. Experiment on hyperparameter of discount factor
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Figure 3. Experiment on hyperparameter of stabilization mechanism
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