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Causal Structure/Learning Algorithm Based on Recursive Decomposition

CAI Ruichu',ZHANG Wenhui', QIAO Jie' ,HAO Zhifeng'*
(1.School of Computer Science‘and Technology , Guangdong University of Technology , Guangzhou 510006, China;
2.College of Science, Shantou University , Shantou 515063, Guangdong, China)

[Abstract] In the case of high-dimensional small samples, owing to the problems of low efficiency and Markov
equivalence class  in/the existing constraint-based causal structure learning methods, a causal structure learning
algorithm, CADR, based on recursive decomposition, is proposed for nonlinear non-Gaussian high-dimensional small
samples. When the learning efficiency of the causal structure of high-dimensional small samples is combined with the
idea of recursive decomposition, the high-dimensional variable set is recursively decomposed into multiple smaller
subsets exhaustively or until the subset size reaches a threshold.The reduced variable set reduces the search space of the
conditional candidate set for the conditional independence test, thus improving the learning efficiency. Moreover, to
identify the Markov equivalence class further, according to the irreversibility of the causal direction of the nonlinear non-
Gaussian model, identify the causal direction of the Markov equivalence class by determining whether the fitting noise
item is independent of the causal variable.The experimental results of simulation and real causal structure data indicate
that CADR improves the efficiency .of the conditional independence test and can effectively distinguish Markov
equivalence classes and learn an accurate causal structure.In the real causal structure experiment, the F1 score increased
by 5%-12% when the existing Xie .rec,PC_ANM,and Notear Sob method are compared with the proposed method.
[Key words] causal relationship. discovery; conditional independence test; high-dimensional small samples; recursive
decomposition ; Markov equivalence class
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Fig.2 Simulated experimental results comparison among different algorithms
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Fig.3" "Recognition results of Markov equivalence classes comparison among CADR and Xie_rec methods
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Table 1 Statistical data of real Bayesian network structure

FIE] 5 5 BUE 3 AR RRAE
Alarm 37 46 1.24 4
Hailfinder 56 66 1.18 4
Win95pts 76 112 1.47 6
Pathfinder 109 195 1.79 5
Andes 223 338 1.52 6
Pigs 441 592 1.34 2
Link 724 1125 1.55 3
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Table 2 Experimental results of real Bayesian network structures
FEpEES LS F11¥4) BATI [l /s
HIEITES CADR PC_ Xie_ Notear_ CADR _ Xie_ Notear_ CADR PC_ Xie_ Notear_ CADR PC_ Xie_  Notear_

ANM  rec Sob ANM  rec Sob ANM rec Sob ANM rec Sob
Alarm 0.43 0.59 0.35 0.75 0.48 0.20 0.31 0.20 0.45 030 033 031 9.09 154 2438 82.7
Hailfinder 0.57 0.74 0.53 0.79 0.49 0.26 039 029 0.52 038 045 042 12.10 38.6 86.9 159.2
Win95pts 048  0.59 0.59 0.71 0.43 0.14 032 0.26 0.46 022 041 038 10.70 38.2 111.6 197.7
Pathfinder 0.47 0.62 — 0.85 0.50 0.10 — 0.15 0.48 0.17 — 0.25 85.40 4023 — 548.5
Andes 059 052 — 0.95 0.66 0.10 — 0.13 0.62 0.16 — 0.22 1 000.00 6 000.0 — 2 000.0
Pigs 0.65 094 — 0.79 0.68 0.08 — 0.11 0.66 0.14+ — 0.19  30000.00 200000.0 — 1000000.0

Link 0.74 030 — — 0.74 0.08 — — 0.74 012/ — — 200 000.00 90000000 — —
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