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Conformation Reconstruction

3D Conformation Contact Matrix

Let N be the number of genomic loci. The contact matrix C € Z_’L’XN
has entries Cj; representing interaction frequencies. High values indicate
spatial proximity.
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Bulk vs Single-Cell Hi-C

Bulk Hi-C Single-Cell Hi-C

o Aggregates many cells into one @ Measures contacts in
matrix individual cells
@ Loses cell-to-cell variability o Captures heterogeneity

@ Extremely sparse and noisy
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Single-Cell Hi-C Structure

Single-cell Hi-C data form a tensor C € Z/*N*K where Cjj denotes the
contact frequency between loci i and j in cell k.

@ True zeros: no physical contact
@ Dropouts: missed contacts J

- Which observed zeros are false? J

N = number of genomic loci
K = number of cells
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Model: Sparsity

Entries of C follow a zero-inflated Poisson model:
Cijk ~ ZIP(pjji, Aijk)
After proper transformations,
Nijk = log Njjk, ik = logit(1 — pjjx),

the parameter tensors admit low-rank CP decompositions:
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Latent Embeddings

Parameter Tensors Latent Embedding Space
Genomic loci ()
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Model: Smoothness

Nearby genomic loci have similar latent representations, so the embedding
varies smoothly along genomic position. J

Curve representation

(1)
a=1 ... |, ~t)eRt
7(N)
Each genomic position corresponds to a point on a
smooth latent curve.

Genomic loci ()
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Model: Smoothness

Nearby genomic loci have similar latent representations, so the embedding
varies smoothly along genomic position. J

Spline parameterization Genomic loci (a)
curve y(t) = (7(t),. .., v(t))
spline basis hy(t),..., ho(t)

w(t) = 28 bgihg(t), j=1,...,L
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Model: Smoothness

Nearby genomic loci have similar latent representations, so the embedding
varies smoothly along genomic position. J

Matrix form Genomic loci ()

a=HA

o H € RVXQ: spline basis matrix
o A € RO*L: coefficient matrix
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Zero-Inflated Tensor model with Smoothing (ZITS)

Likelihood model (zero-inflated counts)
Cije ~ ZIP(pjji, Nijk)
Link function
Nijk = log Ajjk, Ojjk = logit(1 — pjk)
Low-rank decomposition + smoothness
n =717 x1(HA) x2 (HA) x3 8
© =7 x1 (HA) x2 (HA) x3¢&

Parameters
spline coefficients A € RO*L, cell embeddings 3, & € RX*L
Hyperparameters

embedding dimension L, spline degrees-of-freedom @
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False-Zero Detection and Imputation

Detection: an observed zero is classified as false if

5o 1
Pijk - ——
! elik — 1

Imputation: false zeros are replaced with

Cijk — >‘Uk'

Zeros with high dropout probability but non-negligible intensity are treated
as missing. J
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Real Data Analysis

Dataset Single-cell Hi-C data from

Before imputation
Ramani et al. (2017, Nature) at 10 Mb

resolution on chromosomes 1-4. g
Cell types HAP1, Hela, and K562 -'.Q.:;

Data characteristics
o Cells: K = 144 (48 per cell type)
@ Genomic bins: N =~ 20-25

@ Sparsity: =~ 80% zeros e o0

After imputation

Does imputation improve the
separability of the three cell types?

HAP1 Hela K562
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Real Data Analysis: Model Evaluation

Contact
tensor

( R 1
Upper-triangular
vectorization

PCA embeddings

e R M)
k-means clustering
(k=3)

ARI
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Real Data Analysis: Imputation Evaluation
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@ Imputation improves separability of cell-types

o CP embeddings [ capture cell-type structure effectively
@ Performance is stable across chromosomes
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Real Data Analysis: Competitors
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Count-based imputation methods Binary contact imputation methods

ZITS achieves consistently higher ARI across settings with significant
improvement in binary case.
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Real Data Analysis: Embeddings Comparison
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CP on observed tensor vs. ZITS embedding 3 Cell-type separation
Joint modeling of counts and zero inflation yields more informative cell
embeddings.
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Conclusions

We proposed ZITS, a smooth zero-inflated tensor model for single-cell
Hi-C data.

@ Models dropout events using a zero-inflated Poisson likelihood.
@ Learns cell embeddings via CP tensor decomposition.

o Captures genomic locus structure through smooth spline-based
embeddings.

Imputation is performed using a Bayes-optimal decision rule under the
fitted model.

Joint modeling of counts, dropout events, and genomic smoothness
improves imputation quality. J
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