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Motivation

Distribution-Preserving Conditional Splits

Probabilistic circuits (PCs) recursively compose A split duplicates a local subcircuit and conditions the two copies on a selected variable X;.

sum, product, and univariate leaf nodes. Their [\/\/e update the flows of all affected edges to keep the distribution identical as the circuit grows.
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STRUDEL [1] or LearnPSDD [2] are offline, but real Before split After splitting on X, Updated Flows

data is rarely stationary.

e Which Edge to Split? We select the edge with the most data passing through it, i.e. the edge with

Goal: Learn a deterministic PC directly from a | | T | |
the highest aggregate flow. This heuristic is very computationally efficient.

data stream, without complete training history.

e Which Variable to Split on? Once we selected the edge, we chose the variable with the highest
pairwise mutual information towards all other variables in its scope.

Main Contributions

Structural Merging Parameter Decay

* Online structure learning in PCs that When the circuit reaches a predetermined size, We use A € (0, 1] as a decay parameter which

preserves determinism and structured

- o we perform a merge. allows us to shift the training behavior.
decomposability throughout training. o ’
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