GPC: An expressive and tractable deep generative
model for genetic variation data
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|1 What is genetic variation data?
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|3 Tradeoffs in generative modeling

Genetic variation data records which
allele (0 or 1) each individual carries
at each genomic position (SNP).

Modeling this distribution enables
synthetic genome generation.
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These help benchmark genomic
pipelines, test population genetic
hypotheses, and construct reference
panels for genotype imputation,
while avoiding privacy restrictions.
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Distance between SNPs (bp)

Absolute error in mean LD (r?) per distance bin relative

to test data. Lower is better. GPC is accurate across all

length scales; HMMs lose accuracy at long range,
GANs/RBMs at short range.
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12 Three key challenges

Complex Correlation Imputation Privacy
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Real genomes can be linked
back to individuals
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SNPs are correlated across
different length scales

Many SNPs are unobserved;
need to infer missing genotypes

Linkage Disequilibrium (LD)

Current models struggle to address these problems while also being tractable.

Hidden Chow-Liu Tree
(HCLT)
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Compile HCLT - probabilistic circuit, a
computational graph supporting exact
likelihoods and efficient training/inference.

14 From chains to trees
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Not explicitly modeled

GPC: Genetic Probabilistic Circuits
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Average imputation r? by SNP frequency. Higher is better.
Light blue = GPC direct conditional inference. Other bars =
IMPUTES with synthetic reference panels. GPC outperforms
all generative baselines.
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Degree distribution of Chow-Liu tree nodes vs. HMM
chain (all degree 2). The tree has 4,599 leaves, 397
nodes with degree > 5, and a max-degree node of 161,
reflecting rich branching structure.

nearby, yellow = distant). Top degree nodes labeled. Unlike the
HMM chain, the tree captures distal LD through long-range
edges spanning thousands of positions.

Nearest-neighbor adversarial accuracy (|JAA - 0.5]. Lower is
better. Distances use standardized Euclidean to upweight rare
variants. GPC achieves best privacy-utility balance on both
train and test splits.

These figures highlight results from the 1000 Genomes Project. Results replicate in several genomic regions chosen from the UK Biobank as well.

I GPC takeaways

e Expressive, tractable, and efficient: Hidden Chow-Liu tree captures LD with exact inference in a probabilistic circuit.
e Best imputation: Outperforms all generative baselines on imputation accuracy.

e Better privacy: Superior privacy-utility tradeoff for synthetic genomes.
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