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Abstract: Constraint-based causal structure learning algorithms have the advantage of not relying on specific func-
tional model assumptions and generally offer high computational efficiency. However, their V-structure orientation stage
heavily depends on the results of conditional independence tests (CIT) on specific conditioning sets. Although the recently
proposed Shapley-PC algorithm integrates multiple condition sets through Shapley value evaluation to mitigate CIT errors,
it still fails to adequately account for the varying influence of different condition sets on orientation decisions, thereby over-
looking the importance of certain key sets and reducing orientation accuracy. To address this issue, we propose a dynamical-
ly weighted causal structure learning (DW-CSL) algorithm. The core idea of the method is to combine normalized p-values
with Shapley values to assign dynamic weights to condition sets of the same size, thereby finely quantifying their contribu-
tion differences to orientation decisions and effectively suppressing the propagation of CIT errors in V-structure orientation.
Specifically, the algorithm first constructs the causal skeleton based on the PC-Stable framework; then, during V-structure
orientation, it introduces a dynamic weighted orientation rule that incorporates normalized p-values into Shapley value cal-

culations, making CIT results from different condition sets comparable and enabling precise orientation of unshielded tri-
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ples; finally, the remaining undirected edges are oriented using Meek’s rules. Experimental results on both synthetic and

benchmark datasets demonstrate that, compared with baseline methods, DW-CSL improves V-structure recognition accura-

cy by an average of 4.75% and edge orientation accuracy by an average of 5.5%, thereby enhancing the stability and overall

accuracy of causal structure learning.
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