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Figure S1: UMAP visualization of the embeddings from different scHi-C embedding methods for the Lee et al. (2019) dataset. Scatter
plots are colored with the cell type information from the original data source, batch id, and the more refined cell type information from Luo
et al. (2022) (from top to bottom).
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Figure S2: UMAP visualization of the embeddings from different scHi-C embedding methods for the Liu et al. (2021) dataset.
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Figure S3: Quantitative evaluation for different scHi-C embeddings methods across different scHi-C datasets. The evaluation metrics
include the modularity scores, similarity scores (adjusted rand index and adjusted mutual information) between the Louvain clustering
results and the reference cell type label, and measurement of prediction accuracy (Micro-F1 and Macro-F1) between the predicted cell type
and the reference cell type.
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Figure S4: Quality of the embeddings for the neuron cells in the Lee et al. (2019) dataset measured as silhouette coefficients for neuron
subtypes.
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Figure S5: UMAP visualization of embeddings generated by Higashi, Fast-Higashi, and Fast-Higashi without PRWR for the Lee et al.
dataset under different downsample ratio. Scatter plots are colored with the reference cell type. See also Fig. S6.
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Figure S6: Quantitative evaluation based on adjusted rand index (ARI) scores of the Louvain clustering results for embeddings generated
by Higashi, Fast-Higashi, and Fast-Higashi without PRWR. The evaluation was carried out on the Lee et al. dataset with different down-
sample ratio. Related to Fig. S5.
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Figure S7: UMAP visualization of the embeddings from different scHi-C embedding methods for the Tan et al. (2021) dataset. Scatter plots
are colored with the cell type information, the ages of the mouse, and the tissue origin of the cells (from top to bottom).
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Figure S8: a. b. c. d. UMAP visualization of the joint embeddings from scHiCluster for visual cortex, hippocampus, and cortex tissues
from the Tan et al. (2021) dataset. Colors reflect the original cell type information from Tan et al. (2021), the refined cell type from this work,
the ages of the mouse, and the tissue of origin of the cells, respectively. e. UMAP visualization of Fast-Higashi joint embeddings for visual
cortex, hippocampus, and cortex tissues from the Tan et al. (2021) dataset (colored by the tissue of the cells).
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Figure S9: Embeddings from the Fast-Higashi initialized Higashi model on the Lee et al. (2019) dataset. a. UMAP visualization of
embeddings. Scatter plots are colored with cell type information from the original data source, the more refined cell type information
from Luo et al. (2022), and the batch id. b. Quality of the embeddings for the neuron cells in the Lee et al. (2019) dataset measured as
silhouette coefficients for neuron subtypes.
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Figure S10: Similarity between the imputed results from the Partial RWR and the standard RWR with varying batch sizes.
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Figure S11: UMAP visualization of the embeddings from different scHi-C embedding methods for two sci-Hi-C datasets: the Ramani et al.
(2017) dataset and the Kim et al. (2020) dataset.
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Figure S12: Runtime of different scHi-C embedding methods on two sci-Hi-C datasets.
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