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Motivatio n Th eo ry Code: github.com/miicTeam/miicsearchscore

e v . Definition: ac-connected subset Theorem: likelihood of ancestral graphs®
Likelihood of Bayesian Networks (BN) e .
A subset C is said to be ac-connected if VX, Y € C, either: The likelihood Lp g of an ancestral graph G Is decomposable
e ortices )\ . X and Y are connected through any type of edge, or In terms of multivariate cross-ipformation I[(C), summed over
1 , . , all ac-connected subsets of variables C:
Lpigey = 7 exp | -N » H(X;|Pax,) -there exists an ac-connecting path between X and Y given C.
R X;€V An ac-connecting path between X and Y given C'is a collider path . ac-connected
- / Lpig= exp | N Z (—1)|C|](C)
m a X — Z) ¢ - & Zp < Y, 4D.G =
i#Ch thhat each Zite Ant%qX’ };} UC), tha;IS’.xlgt‘ Zi ;Cl’/oru C where N is the number of i1ild samples in dataset D, and
\ roush an ancestor patn, I.e., z; = -~ — L Wl €{X. Y} - Zp g is a data- and model-dependent normalization constant.

\ J

Likelihood of Ancestral Graphs (AG) ?

Proposition: estimation of cross-information for ac-connected subset C
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H(p,q) = Y  —p(z)logg(z) = — >  (-1)'°I(C) }JJJC? (D
\_ ’ c=v Y. Cross-entropy decomposition of ancestral graphs / I
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%  Results
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| / / + Strong on non-linear,
non-Gaussian, and

categorical data
+« Works with small samples

+ Competitive scalability
+ No strong assumptions
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(GFCI & DAG-GNN best)
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MCMC or oracle search
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MIIC search&score

MIIC: Multivariate Information-based Inductive Causation2:3:4

MIIC: information-theoretic causal discovery (handles latent
variables)

Conditional mutual information - conditional independence

Output from MIIC :
XY | 2)=I(X;Y | Z) - 2¥2
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kx |z : TNML (factorized Normalized Maximum Likelihood)
complexity term

Penalizes model complexity « Prevents overfitting « Favors
Step 1  simpler, robust graphs - Removes spurious edges
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Edge orientation priming Edge removal Edge orientation
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Step 1 - Local node score minimization

Step 2 - Local edge score minimization

. . . Sample Size (N)
min H(X; | PaY,)+complexity min XxY =—I(X;Y |Pa's) +cplx
Pa, *E{ 0 M3HC ===  GFCI DAG-GNN FCI === MIC === MIIC_search&score
Pa’y, C Pay, USpy UNey With:
With: Pa'y , , =Pay USpy,\X [1] Lagrange N., Isambert H. (2025). An Efficient Search-and-Score Algorithm for Ancestral [3] Cabeli V., Li H., Ribeiro-Dantas M., et al. (2021). Reliable causal discovery using mutual
Pa, : parentsof X;,,eg. Y — X ’ _ Graphs using Multivariate Information Scores for Complex Non-linear and Categorical mformat:on supremum principle. In Why21 @ Neu rIPS: .
S Xi . P f)é g . XZ Pa'y o v =Pay USpx\¥ Data. In ICML. [4]Li H., Cabeli V., Sella N., Isambert H. (2019). Constraint-based causal structure learning
Px; Sp.OUSES DT A B A Pa'y, .. =Pa'y .yUPa'y, v [2] Ribeiro-Dantas M., Li H., Cabeli V., et al. (2024). Learning interpretable causal networRs with consistent separating sets. In NeurlPS.
Ney : neighbors of X,,eg. Y — X, ~ g from large-scale data: application to 400,000 breast cancer records. iScience.



https://github.com/miicTeam/miicsearchscore

