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Supplementary Figures

Supplementary Fig. 1 | Moscot provides unified access to various problems in single-cell
genomics
a. The moscot workflow. The user interacts with a biological problem, which moscot translates
into an OT problem and solves in the backend using Optimal Transport Tools (OTT1). Moscot
then presents the solution to the user, who can further analyze it using downstream analysis
functions. b. Comparison of code required to solve different biological problems in the current
OT landscape and in moscot. Through its consistent API, moscot is user-friendly and easy to
extend.
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Supplementary Fig. 2 | moscot’s performance on aligning cells from spliced/unspliced
counts is robust with respect to low-rank approximations
a. UMAP embeddings of different subsets (embryonic day (E)16.5, E15.5, and
E14.5+E15.5+E16.5, i.e. full dataset) of the pancreas dataset published with this manuscript.
Cells are split into spliced and unspliced counts, resulting in two distinct populations of cells in
which a known one-to-one match exists. Normalized gene expression of relevant marker genes
in the mouse pancreas is visualized to demonstrate the difference of gene expression of spliced
and unspliced RNA counts. b. Fraction of cells closer (or equally close) to their true match
(FOSCTTM2) score, computed by calculating the fraction of cells which are equally or more
likely to be assigned to a single cell than their true match based on the entries of the transport
matrix. A value of 0 denotes a perfect match, while a value of 1.0 is as good as the outer
(independent) coupling.

3

https://paperpile.com/c/pVlhMK/8t5CB


4



Supplementary Fig. 3 | Moscot is robust to changes in latent cell space representation
a,b. Comparing moscot.time and TOME in terms of the germ-layer and curated transition
metrics of Figure 2, for individual time points (a) and aggregated over time-windows (b), for the
original Seurat embedding of ref.3 (top row), a PCA embedding (middle row) and an scVI
embedding (bottom row; Methods). c. Heatmaps of cell-type backwards transition probabilities
for moscot (left) and TOME (right) on the E8.5a/b pair of time points where TOME performs
worse than moscot in PCA and scVI representations. The letters a/b correspond to different
experimental technologies employed at the same time point as a “bridge” (Methods). Colors
correspond to clusters in (d). d. 3D UMAP embedding, used by the TOME algorithm for k-NN
graph construction3, colored by time points (left) and cell types (right). Circle and arrow highlight
a cluster of E8.5a extraembryonic visceral endoderm cells, which TOME falsely connects to
almost all E8.5b cells because it is an outlier in the 3D UMAP. Moscot avoids such boundary
effects by using higher-dimensional representations and by weakly enforcing probability mass
conservation (Methods).
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Supplementary Fig. 4 | Moscot reproduces Waddington OT results
Moscot.time versus Waddington OT (WOT) in terms of our benchmark metrics (a,b), and on the
level of single-cell (c,d) and cell-type (e-g) transitions. Throughout this figure, we show earlier
time points (Pre-gastrulation and Gastrulation) containing few enough cells for WOT to run
(Methods). a,b. Comparing moscot.time and Waddington OT (WOT) in terms of the germ-layer
and curated transition metrics of Figure 2, for individual time points (a) and aggregated over
time-windows (b). Accuracy is weighted by the number of cell states per time point (Methods). c.
Pearson correlation (y-axis) of moscot.time with WOT normalized coupling matrix entries as a
function of time (x-axis; Methods). d. Scatter plots, illustrating the four exemplary time point
pairs indicated in (c) with circles. e. As in (c), but aggregated to the cell-type level. We omit the
first pair of time points, as they only contain a single cell state. f. Heatmaps of moscot.time (left)
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and WOT (right) backwards cell-type transitions for the E7.0/7.25 time point pair, indicated in (e)
with a circle. Row and column colors correspond to (g). g. UMAP of the E7.0/7.25 time point,
colored by cell types.
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Supplementary Fig. 5 | Comparison of predicted pre-gastrulation growth rates for moscot
and cl-TOME
Histograms over moscot and cl-TOME predicted growth rates, grouped by cell type (Methods).
Growth rates correspond to the predicted amount of descendants for each cell for the transition
from the earlier to the later time point. Growth rates bigger or smaller than one correspond to
cell proliferation or growth, respectively.
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Supplementary Fig. 6 | Comparison of predicted gastrulation growth rates moscot and
cl-TOME

See the description of Supplementary Fig. 5 .
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Supplementary Fig. 7 | Comparison of predicted organogenesis growth rates moscot and
cl-TOME

See the description of Supplementary Fig. 5 . Additionally, at E8.5a/b, no experimental time
passes but the experimental protocol switches from 10x genomics to sci-RNA-seq33.
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Supplementary Fig. 8 | Predicted growth rates correlate well with cell cycle scores
a,b. Force-directed layout (FLE) of 165,892 cells across 39 time points, spanning days 0 to 18
of a reprogramming time course4, colored by experimental time point (a) and major cell sets (b).
c. PCA embeddings of day 15.5/16.0 cells, colored by experimental time point (left), major cell
sets as in (b) (middle), and scanpy-computed cell cycle scores5 (right). d. PCA embeddings of
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the cell subset of (c), colored by moscot.time (top) and cl-TOME (bottom) predicted growth rates
(Methods). e. Scatter plots of predicted (x-axis) versus scanpy-computed (y-axis) growth rates,
averaged over the major cell sets of (b), for moscot (top) and cl-TOME (bottom), over the
15.5/16.0 time point (left) and all time points (right).
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Supplementary Fig. 9 | Multimodal mapping of CITE-seq data to spatial data

a. Spearman correlation coefficient of predicted genes across three seeds for each method and
dataset. b. Run times across three seeds for each method and dataset. c. Left: Spearman
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correlation of predicted gene expression aggregated across datasets, summarizing panel (a).
Center: Pearson correlation of predicted gene expression aggregated across datasets. Right:
run time aggregated across dataset, summarizing panel (b). d. Spatial correspondence: The
x-axis represents the spatial (Euclidean) distances and the y-axis represents the gene
expression (Euclidean) distances across all genes for all cells within the corresponding spatial
distance interval. The Spearman correlation is computed between the gene expression distance
and the spatial distance. The spatial correspondence showcased here was computed from the
drosophila embryo dataset from Li et al.6 e. Example of moscot.space’s mapping for the dataset
with the highest correlation values (3rd from top left in (a)) with ground truth and predicted
expression of two genes: eve and htl.
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Supplementary Fig. 10 | Multimodal mapping of CITE-seq data to spatial data
a. Spatial visualization of ground truth genes used to identify veins with Vwf (endothelial cells
marker) and central veins with Axin2 (hepatocytes, endothelial cells marker). b. Spatial
visualization of predicted expression of genes Adgrg6 and Gja5, markers of endothelial cells
associated with portal veins. c. Spatial visualization of predicted expression of proteins Folate
receptor beta (marker of Kupffer cells) and CD117 (marker of endothelial cells associated with
central veins). Boxes in solid lines correspond to insets in Figure 3.
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Supplementary Fig. 11 | moscot.space.mapping improves performance when including
additional modality
a. Median Spearman correlation of all genes in the mouse liver dataset (Figure 3) using only
RNA-seq or CITE-seq + RNA-seq information for the mapping. Box plots represent at least 3
runs with different initializers and ranks. b. Same as (a), but measured with Pearson correlation.
c. Median Spearman correlation for the 70 chromatin accessibility peaks (10 for each cluster, 7
clusters) using RNA-seq or RNa-seq + ATAC-seq for the spatial multiomics dataset. Each point
is a different value of alpha (weighing factor for the linear and quadratic term). d. Same as (c),
but median Pearson correlations.
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Supplementary Fig. 12 | Benchmark of spatial alignment methods
a. Mean squared error (mse) of aligned spots in spatial coordinates across three random seeds
for PASTE7, GPSA8 and moscot. The columns of the grid correspond to four different simulated
datasets, the rows correspond to different fractions of subsampling (1. means no subsampling
and the number of points in source and target is exactly the same, 0.7 means that only 70% of
the points in both source and target have been kept for the alignment. Subsampling was done to
simulate a more realistic noisy scenario). b. Aggregated results across datasets. c.-d. Run time
(c) and aggregated run time (d) of different methods for the experiments outlined before
(datasets in columns, fraction of subsampling in rows, last column represents summary over
rows).
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Supplementary Fig. 13 | moscot’s spatial alignment method is superior to alignment with
deformable-coherent point drift

a. Benchmark across 8 synthetic datasets for moscot-default (default parameters of moscot),
d-cpd9 (default parameters) and moscot-alpha=0.2 (alpha parameter is set to 0.2). b. Example
of the original alignment problem for the two sets of points clouds (source in orange, target in
blue), and the result for d-cpd and the default settings for moscot.space.alignment.
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Supplementary Fig. 14 | Gene expression consistency on cellular neighbors of aligned
slices
In every row the left panel refers to the first set of coronal sections and the right panel refers to
the second set of coronal sections. a. Top two genes with lowest L1 Wasserstein distance
between gene histograms of reference batch (0) and query batches (1 and 2) for cellular
neighbors of aligned slices. b. Bottom two genes with highest L1 Wasserstein distance between
reference and query batches. c. L1 Wasserstein distance across all genes vs. mean gene
expression, for both query batches 1 and 2. Interestingly, there is no strong dependency of
mean expression showing that the gene expression similarity between cellular neighborhoods of
aligned slices is consistent. d. Distribution of L1 Wasserstein distances for all genes in query
batches 1 and 2.
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Supplementary Fig. 15 | Gene expression consistency on cellular neighbors of aligned
slices
a. Spatial visualization of Slc17a7. b. Most consistent genes according to consistency analysis
(Methods): Htra5 for brain coronal sections 1 and Gpr63 for brain coronal sections 2. c. Least
consistent genes according to consistency analysis: Slc32a1 for brain coronal sections 1 and
Slco1a4 for brain coronal sections 2. Boxes in solid lines correspond to insets in Figure 3.
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Supplementary Fig. 16 | Accuracy evaluation of moscot.spatiotemporal
Comparison of moscot.spatiotemporal, assessed by the accuracy on curated transitions by
developmental stages; a. comparison of moscot.spatiotemporal to PASTE2 10 (for PASTE2 we
obtain n=10 different subsamples per time point, error bars represent 95% confidence interval)
and b. the accuracy for different values of the FGW interpolation parameter (Methods and
Supplementary Table 5).
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Supplementary Fig. 17 | moscot.spatiotemporal allows for accurate inference of brain cell
type annotations
a. Spatial visualization of mapping based annotations of brain cells focusing on specific cell
types, Fb Glu NeuB (forebrain glutamatergic neuroblast, top row) and Die Glu Neu
(diencephalon glutamatergic neuron, bottom row). Columns, left to right, cell type reported
marker gene, cells assigned to cell type at E14.5 and E15.5, manual reference annotation at
E16.5. b. Bar plot visualizing the percentage of group marker genes found in the top 50 genes
associated with the mapping based annotated group (Methods).

26



Supplementary Fig. 18 | Terminal states of brain cells as inferred by interfacing
moscot.spatiotemporal with CellRank 2
Each subplot provides a visualization for a different terminal state. The UMAPs contain brain
cells from E13.5-E16.5 and are colored according to mapping based annotation (first and third
row) or CellRank 2 fate probabilities (second and fourth row).
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Supplementary Fig. 19 | moscot.spatiotemporal recovers regulatory mechanisms in the
developing drosophila embryo leveraging 3D spatial technologies11

a. 3D spatial visualization of cell annotations across various tissue types in Drosophila embryos
E14-16, as reported by original Wang et al.11. b. 3D spatial visualization of cell annotations
across various tissue types in Drosophila embryos E16-18, as reported by Wang et al.11. c.
UMAP visualization of cell annotations across various tissue types in Drosophila embryos, as
reported by Wang et al.11. d. UMAP visualization of time points 14 which represents E14-16, and
16, which represents E16-18. e. UMAP visualization of slide ID, that is the unique ID source of
each stereo-seq slide. f. Heatmap displaying the cell transition probabilities from source
(E14-16) to target (E16-18). g. Bar graphs indicate the mass distribution across various tissues
in the pushforward and pullback distribution, highlighting how hemolymph and amnioserosa,
present only at E14-16 and E16-18 respectively, have lower mass than other tissues. h.
Identification of top 20 driver genes for CNS tissue development, with transcription factors (TFs)
indicated in orange and other genes in blue. The right side of the panel shows UMAP plots with
expression levels of selected genes, including Rbp6, Obp44a, and fax. Rbp5 and fax were
identified also in the original study of Wang et al. leveraging a different algorithm. i. Identification
of top 30 driver genes for muscle tissue development, with transcription factors (TFs) indicated
in orange and other genes in blue. The right side of the panel illustrates UMAP plots showing
expression levels for Mef2, Mlc1, and Mlc2. Mef2 is also reported by Wang et al., and it was
identified leveraging a different algorithm.
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Supplementary Fig. 20 | Marker gene expression in pancreatic endocrinogenesis
a. Processed gene expression (processed with scanpy.pp.normalize_total and scanpy.pp.log1p)
of selected marker genes. In particular, Reep5 is a marker for acinar cells, Nav2 for ductal cells,
Mki67 for proliferative ductal cells, Neurog3 for Ngn3low and Ngn3high cells, Fev for Fev+ cells,
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Arx for Fev+ alpha cells, Npepl1 for Fev+ beta cells, Hhex for Fev+ delta cells (and delta cells),
Gcg for alpha cells, Ins2 for beta cells, Sst for delta cells, and Ghrl for epsilon cells. b. Min-max
normalized processed gene expression per cell type. c. G2M score, S score and proliferation
phase as computed by scanpy’s score_genes_cell_cycle function.
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Supplementary Fig. 21 | Cell type transition probabilities of the full pancreatic
endocrinogenesis dataset
a. Transition probabilities obtained by moscot.time and aggregated per cell type. Each row sums
up to 1, hence each entry (i,j) denotes the probability of cell type i in E14.5 to transition to cell
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type j in E15.5. b. Transition probabilities obtained by moscot.time, but this time each column
adds up to 1, hence each entry (i,j) denotes the probability of cell type i in E14.5 to be an
ancestor of cell type j in E15.5.
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Supplementary Fig. 22 | Stability of coupling of moscot.time with respect to different
embeddings, costs and parameters of the cost

Different statistics derived from the cell type-aggregated transport matrix across different
configurations of the embedding, cost, and hyperparameters of the cost (Methods), mean and
standard error reported.
a. Selected cell type transitions of moscot run with different configurations for the E14.5/15.5
coupling and the E15.5/16.5 coupling. The baseline corresponds to the independent coupling.
The higher the cell type transition probabilities, the more signal the coupling captures (n=63
configurations for each pair of time points). b. Sinkhorn divergence between the aggregated
transport matrix of the reference configuration (used in the analysis, Methods) and the
aggregated transport matrix obtained from different configurations of the embedding, cost, and
parameters of the cost. The baseline is the Sinkhorn divergence between the reference
configuration and the outer coupling. The lower the Sinkhorn divergence, the more similar to the
reference coupling (n=63 configurations for each pair of time points). c. Proportion of delta cells
which are predicted to be derived directly from Ngn3 low for different embeddings, costs and
specifications of the cost (Methods, Sq. Eucl. cost: n=9 data points, cosine cost: n=9, geodesic
cost: n=45 for each pair of time points). As a direct transition from Ngn3 low to delta is very
unlikely, the lower the score, the better. In all plots, mean and standard error are reported.
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Supplementary Fig. 23 | Moscot can recover cell cycles

a. Implementation of the sketch used for explaining transcriptomic dynamics during cell cycles in
Schwabe et al.12 as toy data example for cell cycle dynamics. Left: source distribution
corresponding to an earlier time point. Middle: target distribution corresponding to a later time
point. Right: Samples from the learnt transport map to model the trajectory of cells. b. Sketch of

36

https://paperpile.com/c/pVlhMK/vgZI6


the ground truth biological cell cycle with indices used in the explanation. c. UMAP of the
pancreatic endocrinogenesis dataset (E14.5, 15.5, 16.5) colored by assigned cell cycle stage. d.
Permutation test scores for assessing the correctness of the directionality of the cell cycle
computed with moscot.time for time points E14.5/15.5 (left) and time points E15.5/16.5 (right).
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Supplementary Fig. 24 | Descendants of endocrine and endocrine progenitors on a
diffusion map
a. Cell types at E14.5 and their respective ancestors at E15.5 and E16.5 computed by
moscot.time, and visualized on a PHATE embedding.
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Supplementary Fig. 25 | Ancestry of endocrine and endocrine progenitors on a diffusion
map.
a. Cell types at E16.5 and their respective ancestors at E15.5 and E14.5 computed by
moscot.time, and visualized on a PHATE embedding.
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Supplementary Fig. 26 | Marker genes for the transition from epsilon cells to alpha cells

a. By leveraging moscot’s capability of identifying marker features (Methods) we identify genes
which are highly expressed in epsilon cells that are likely to transition towards an alpha cell
state. Irx2 has been reported as a key TF for these cell states13, while Irx1 was reported for the
analogue cell states in human pancreatic endocrinogenesis14. Peg10 has been reported as a
driver gene for alpha cells15, while Mctp2, Dock11, and A1cf have not been reported in this
context before. b. Processed gene expression of considered genes per cell type.
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Supplementary Fig. 27 | Ancestors of refined cell types obtained by moscot.time
a. Cells at E15.5 aggregated to cell types and their ancestors in E14.5 aggregated to cell types
and b. cells at E16.5 aggregated to cell types and their ancestors in E15.5 aggregated to cell
types. Only ancestries with a probability of at least 0.05 are visualized. While slight differences
in transition probabilities are likely due to noise in the cell type annotation, sequencing biases,
or limitations of the moscot algorithm, certain changes in transition likelihoods might be
biological. While we could not find any further evidence for the non-zero transdifferentiation
probability between alpha and beta cells in E14.5/E15.5, which ceases for E15.5/E16.5, this
cellular behavior has been observed in mice in the late stages of pancreas development16.
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Supplementary Fig. 28 | Overview of the pancreatic endocrinogenesis dataset published
by Bastidas-Ponce et al.17

a. UMAP embedding colored by cell type of the pancreatic endocrinogenesis dataset published
by Bastidas-Ponce et al.17. The data was subset to endocrine cells and their progenitors.
Subsequently, the data was preprocessed by normalization, log1p-transformation and PCA
computation before calculation of the neighborhood graph, based on which the UMAP was
computed. b. UMAP embedding colored by cell type. c. Processed gene expression of Fev on
the UMAP, visually suggesting there is no expression of Fev in the population annotated as
Fev+ epsilon. d. Quantitative confirmation that there is barely any expression of Fev in the cell
type annotated as Fev+ epsilon in Bastidas-Ponce et al.
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Supplementary Fig. 29 | Moscot analysis of E13.5 and E14.5 of pancreatic
endocrinogenesis dataset is consistent with the analysis on the novel multiome dataset.
a. UMAP embedding colored by cell type of the pancreatic endocrinogenesis dataset published
by Bastidas-Ponce et al.17 filtered to embryonic day 13.5 and 14.5. The data was subset to
endocrine cells and their progenitors. b. UMAP embedding colored by cell type annotated as
provided by the authors. The Fev+ epsilon population is similar to the epsilon progenitor
population defined in this work, see Supplementary Fig. 28 . c. Probability of a cell type in time
point E14.5 to originate from a cell type in E13.5 calculated by moscot. Highlighted are the
predicted cell type origins of delta and epsilon cells d. Visualization of ancestry likelihood of
single cells predicted by moscot for epsilon, Fev+ epsilon, delta, and Fev+ delta cells.
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Supplementary Fig. 30 | Chromatin accessibility at the promoter regions of Gcg and Ins2
Open chromatin around the promoter region of a. Gcg (peak 2-62474530-62483650), b. Ins2
(7-142678656-142679685), c. Sst (16-23889573-23890958), d. Hhex (19-37434810-37440731)
e. Ghrl (6-113716119-113719880).
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Supplementary Fig. 31 | Expression of genes most associated with the marker peaks
a. Open chromatin accessibility for peak 10-64082075-64082998, the most significant peak for
the epsilon progenitor cell cluster (Supplementary Table 11, Supplementary Note 7), and for
peak 2-135719090-135720017, the most significant peak for the Fev+ delta cell population
(Supplementary Table 12). b. Left: Processed (normalized and log1p-transformed) gene
expression of Lrrtm3, the gene most highly correlated with the most significantly accessible
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peak for the epsilon progenitor population). Middle: Processed gene expression of Ctnna3, the
second highly correlated gene with the marker peak of the epsilon progenitor population. Right:
Processed gene expression of Plcb4, the gene most highly correlated with the most significant
peak of the Fev+ delta cell population. c. Processed gene expression of the considered genes
per cell type.
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Supplementary Fig. 32 | Quantification of marker genes in the Fev+ delta population

a. Expression per cell type (top) and per cell (bottom) of Neurod2, Pax4 (beta cell activator) and
Arx (alpha cell activator).
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Supplementary Fig. 33 | Driver genes computed by moscot.time for delta/epsilon lineage
a. Driver genes for epsilon progenitors as computed by moscot.time (Methods). While a few
markers have been reported (Ppp1r14a17, Megf1124, Selenom25, Smarcd217), or were considered
in different contexts (e.g. the cell cycle inhibitor Cdkn1a26, Rgs1727, Cacna2d128), we report
genes which have been less studied in the context of pancreatic endocrinogenesis (Btbd17,
Tbc1d9, Kif26a, Epb42, Scube1, Shf, Fam107b, Kcnh8, Lrrtm3 (Supplementary Fig. 31 ),
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Tmem184c, Cer1) (Supplementary Table 15) b. Driver genes for the Fev+ delta population
(Fev+ delta-0 and Fev+ delta-1 combined due to their high similarity in gene expression and
ATAC profile). While we recover genes which we also report for epsilon progenitors, there are
genes which have not been reported in this context, such as Mboat4 29, Rgs1727, Kcnh8 30, Cck
31, Cacna2d1 32, Lrrtm3 33 (Supplementary Fig. 31 ) and less studied, but significantly expressed
genes (Nefm, Gm38655, Tox2, Gm609) (Supplementary Table 16). c. Driver genes for delta
cells. While Hhex and Sst confirm the reliability of moscot’s marker gene recovery method as
the most well-known marker genes for delta cells (also Spock334, Mef2c1317), we also report new
genes in this context: Dscam, Ptprz1, Masp1, Pcdh15, Igfbp5, Slc16a7, Stk32a. Moreover,
Arg1 is recovered due to the high plasiticy of Fev+ delta cells, and other genes shared with
markers from Fev+ delta cells or epsilon progenitor cells are recovered (Supplementary Table
17). d. Driver genes for the epsilon population. Besides already considered genes we report the
well-known markers Irs434 and Ghrl35, as well as Ctnna3 (Supplementary Fig. 31 ), Anpep,
Epha436,Maged2, Acsl1, and Scn7a (Supplementary Table 18).
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Supplementary Fig. 34 | Driver genes computed by moscot.time for alpha and beta cells
a. Driver genes of alpha cells computed with moscot.time. We recover well-known genes such
as Gcg, Peg1037, Wnk338, Mctp232, Irx213, Irx120, Smarca138, Pde4d38 but also less reported ones
like Cltrn, Dock11, Gria2, and Dpp4 (Supplementary Table 13). b. Driver genes of beta cells
identified with moscot. We recover known genes such as Ins1, Ins2, Mafa39, Sytl440, Nnat41,
Slc2a242, Ppp1r1a43, Ero1lb40, and Iapp44, but also less known ones like Phactr1, Sntg1, Mapt
(Supplementary Table 14).

55

https://paperpile.com/c/pVlhMK/5QgmT
https://paperpile.com/c/pVlhMK/HdP4s
https://paperpile.com/c/pVlhMK/SIjQ8
https://paperpile.com/c/pVlhMK/heAdT
https://paperpile.com/c/pVlhMK/95k69
https://paperpile.com/c/pVlhMK/HdP4s
https://paperpile.com/c/pVlhMK/HdP4s
https://paperpile.com/c/pVlhMK/FwkXK
https://paperpile.com/c/pVlhMK/elUid
https://paperpile.com/c/pVlhMK/AL33u
https://paperpile.com/c/pVlhMK/GjXDA
https://paperpile.com/c/pVlhMK/hQ8Gj
https://paperpile.com/c/pVlhMK/elUid
https://paperpile.com/c/pVlhMK/9c6nf


56



Supplementary Fig. 35 | Neurod1 and Neurod2 expression in the course of pancreatic
development

a. Normalized expression of Neurod1 and Neurod2 for time point E12.5 and E13.5 in the
dataset published by Bastidas-Ponce et al.17 (top), and normalized expression in our multiome
dataset for time points E14.5, E15.5 and E16.5, as well as respective UMAPs colored by cell
type. b. Mean expression of Neurod1 and Neurod2 per cell type across different developmental
stages. Only cell types comprising at least 3 cells are kept.
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Supplementary Fig. 36 | Regulatory analysis of Neurod2 identifies target genes

a. Expression of predicted target genes of Neurod2 and accessibility of predicted enhancers of
Neurod2 based on the eRegulon computed with Scenic+45. b. Expression of target genes of
Neurod2 in cell types of interest, with thresholds provided by Scenic+ (Supplementary Table 29).
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c. Expression levels of a subset of Neurod2 target genes (predicted by Scenic+) in different
endocrine clusters (scaled heatmap, Supplementary Tables 23-28).
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Supplementary Fig. 37 | Feature-level interpretation of optimal transport maps using
Sparse Monge

a. Gene importance per cell type in the pancreatic endocrinogenesis dataset using Sparse
Monge18 (Methods). b. The variability in gene importance computed based on feature-sparse
transport maps recovers lineage branching events. The higher the variability, the higher
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plasticity a cell has (Methods). c. Aggregation of the variability in gene importance to cell type
level.
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Supplementary Fig. 38 | Feature importance by considering the influence on a transport
map

a. Left: Subset of marker genes in pancreatic endocrinogenesis (Neurod2 as activator of the
epsilon lineage, Fev as activator of the alpha and beta lineage, Neurog3 as activator of
endocrine formation and Sst as hormone emitted by delta cells) and their corresponding
significance when leaving them out from the gene set for the computation of the optimal
transport matrix. Right: The nine most significant features identified with the same procedure
which are also transcription factors (from left to right: Sox419, Mctp2, Meis1, Neurog320, Sim121,
Etv122, Cbfa2t2, Cers6, Prdm1623). b. UMAP embedding of the considered cells, colored by cell
type and normalized gene expression corresponding to the 7 most significant genes.
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Supplementary Fig. 39 | Alpha and beta motif activity calculated with moscot.time
a. Motif with cisBP identifier M03318_2.00, which we identified as alpha cell marker motif using
moscot.time and differential motif activity test. The upper plot shows the motif score computed
by ChromVar46, while the lower one shows the processed (normalized, log1p-transformed) gene
expression of the associated gene Pou3f4 (Methods). Alpha cells and their conjectured
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progenitors are underlaid in blue. For a motif to be active both the motif activity score and the
gene expression should be high (Supplementary Table 32). b. Motif with cisBP identifier
M08835_2.00, which we identified as a marker motif for the beta cell population. Again, direct
beta cell progenitors are underlaid (Supplementary Table 33).
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Supplementary Fig. 40 | Analysis of the pancreatic endocrinogenesis dataset with
different trajectory inference methods
Trajectory analysis of the pancreatic endocrinogenesis dataset with commonly used TI methods
(Methods). We use CellRank47,48 to compute fate probabilites to the four endocrine cell states
alpha, beta, delta and epsilon for each single cell followed by aggregation to cell type level
(Methods) based on a. diffusion pseudotime49, b. scVelo50, c. VeloVI51, d. MultiVelo52, e.
CytroTrace 53, and f. connectivity of the graph47. We use moscot’s RealTimeKernel to predict
compute aggregated fate probabilities (g), highlighting these are outputs from CellRank and
hence are different from cell type transitions computed directly with moscot. The quality of the
inferred trajectories are assessed based on the alpha and beta lineage (Methods), while the
Pearson correlation quantifies the similarity with moscot’s predictions.
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Supplementary Fig. 41 | Fate probabilities of the pancreatic endocrinogenesis dataset
predicted with different trajectory inference methods
Trajectory analysis of the pancreatic endocrinogenesis dataset with commonly used TI methods
(Methods). We use CellRank47,48 to compute fate probabilities to the four endocrine cell states
alpha, beta, delta and epsilon (Methods) based on a. diffusion pseudotime49, b. scVelo50, c.
VeloVI51, d. MultiVelo52, e. CytroTrace53, g. connectivity of the graph47, and f. moscot. The quality
label is inherited from Supplementary Fig. 40 .
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Supplementary Fig. 42 |Stream embedding plots of the dynamics obtained by different
trajectory inference methods on the pancreatic endocrinogenesis
Trajectory analysis of the pancreatic endocrinogenesis dataset with commonly used TI methods
(Methods). We use CellRank47,48 to plot the dynamics learnt with a. diffusion pseudotime49, b.
scVelo50, c. VeloVI 51, d. MultiVelo52, e. CytroTrace53, and f. connectivity of the graph47.
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Supplementary Fig. 43 | Fate predictions of diffusion pseudotime are stable with respect
to underlying modality

a. Aggregated fate probabilities of diffusion pseudotime49 computed with CellRank. The quality is
assessed based on the alpha and beta lineage (Methods), and correlations are computed
between aggregated fate probabilities (Methods). b. Fate probabilities computed with CellRank
based on diffusion pseudotime predictions incorporating different modalities.
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1 Fused Gromov-Wasserstein optimization

Consider a generic FWG-type problem,

P ∗ := argmin
P∈U(a,b)

α
∑
ijkl

L
(
CX
ij , C

Y
kl

)
PikPjl + (1− α)

∑
ik

CikPik − ϵH(P ) , (1)

for within-space cost matrices CX ∈ RN×N and CY ∈ RM×M , across-space cost matrix C ∈ RN×M ,
distance metric L, weight parameter α ∈ [0, 1] and entropic regularization H(P ) at strength ϵ. To
write this optimization problem in shorter form, we define the 4-tensor1

T (CX , CY )ijkl := L
(
CX
ik , C

Y
jl

)
, (2)

which allows us to rewrite Equation (1) as,

P ∗ = argmin
P∈U(a,b)

α
〈
T (CX , CY )⊗ P, P

〉
+ (1− α) ⟨C,P ⟩ − ϵH(P ) , (3)

where tensor multiplication is defined as

(T ⊗ P )ij :=
∑
kl

TijklPkl . (4)

Reduce to Sinkhorn iterations. We next derive an algorithm in terms of Sinkhorn iterations; the
basic idea is to use projected gradient descent with update rule1

P (l+1) = ProjKL
U(a,b)

(
P (l) ⊙ e−τ∇J(P )|

P (l)

)
, (5)

where ProjKL
U(a,b)(P̃ ) = argminP∈U(a,b)

∑
ij Pij log

(
Pij/P̃ij

)
is a KL projection operator, τ is a step

size, J is the FGW objective function defined in Equation (3) and ⊙ denotes element-wise multipli-
cation. We may rewrite the objective function gradient as

∇J = (1− α)C + αT
(
CX , CY

)
⊗ P . (6)

Further, the KL projection can be solved via an OT problem2,

ProjKL
U(a,b)(P̃ ) = argmin

P∈U(a,b)

〈
−ϵ log P̃ , P

〉
− ϵH(P ) . (7)

Using Equation (6), Equation (7) and setting τ = 1/ϵ, we can re-write the update rule of Equation (5)
as

P (l+1) = argmin
P∈U(a,b)

〈
(1− α)C + αT

(
CX , CY

)
⊗ P (l), P

〉
− ϵH(P ) , (8)

which is the entropically regularized W-type OT problem (Methods). We update the cost ma-
trix at each outer iteration and solve the resulting W-type OT problem using the Sinkhorn algo-
rithm1,3,4.

2 Fused Gromov-Wasserstein scalability

Throughout this section, we assume equal cell/sample numbers across both datasets for simplicity,
i.e., N = M . Further, we suppose entropic regularization is applied to the FGW-type OT problem1,5

and the mirror descent algorithm (Section 1) is used for optimization.
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Cubic time complexity for separable loss function L. The major computational bottleneck in
FGW1,5 optimization is the update of the tensor product of Equation (4) required at each update
of Equation (8), which is quartic in cell number for general loss function L (ref.1 and Section 1).
However, this can be improved if L is given by a separable loss function. For simplicity, suppose L
is given by a squared l2 loss function, this leads to

T
(
CX , CY

)
⊗ P (l) = (CX)2a1⊤M + 1N b⊤(CY )2︸ ︷︷ ︸

constant

−2CXP (l)CY ⊤
, (9)

which may be evaluated in time O(N3) and memory O(N2). This result holds beyond the squared
l2 norm for a class of separable loss functions, including the KL divergence1.

Quadratic time complexity for low-rank CX and CY . For the second, non-constant term, further
suppose both CX and CY result from the application of a squared l2 distance metric such that they
admit low-rank factorizations,

CX = AXBX⊤
for AX , BX ∈ RN×(Dx+2) , (10)

CY = AY BY ⊤
for AY , BY ∈ RM×(Dy+2) , (11)

for within-space dimensions Dx, Dy (ref.6). Such factorizations are obtained by specifying AX :=
[p,1N ,−2X] and BX := [1N ,p, X] for p := [||x1||22, ..., ||xN ||22]⊤, and analogously for AY and BY

(Section 3 and ref.6). Thus, the non-constant part of Equation (9) may be written as

CXP (l)CY ⊤
= AXBX⊤

P (l)BY AY ⊤
. (12)

This can be computed in time O(N2(Dx +Dy)), i.e., quadratic rather than cubic in the input size7.
Note that all current moscot models use squared euclidean loss functions for all of L, CX , and CY

and thus enjoy quadratic time complexity without any approximations. This represents a remarkable
speedup compared to previous FGW-based1,5 models in single-cell genomics4,8 without any accuracy
sacrifice.

For future moscot models that might require non-euclidean distance metrics, approximate algorithms
exist to compute low-rank factorizations of CX and CY , which scale linearly in sample number6,9,10.
Thus the overall algorithm time complexity remains quadratic.

Linear time complexity for low-rank P . The quadratic time and memory complexities become
prohibitively expensive for atlas-scale datasets with hundreds of thousands of samples per dataset.
Thus, we additionally assume low-rank structure in the coupling matrix P . Scetbon et al. 7 recently
extended their low-rank Sinkhorn factorization (Section 3) to the FGW-setting1,5, unlocking linear
time and memory-complexity. Low-rank FGW solvers are implemented in OTT11 and available to
all FGW-based moscot models, including moscot.space.mapping, moscot.space.alignment and
moscot.spatiotemporal.

3 Low-rank Sinkhorn factorization yields linear time and memory
complexity

While the engineering improvements introduced in the Methods section allow the application to
large datasets through GPU acceleration with linear or quadratic memory complexity for W-or GW-
type problems, respectively, they still suffer from quadratic time complexity. Various authors have
suggested approximations to the Sinkhorn iterations that yield linear time complexity to overcome
this limitation. Altschuler et al. 12 suggest computing a low-rank approximation to the kernel matrix
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K using the Nystrom method13; their approach remains limited to squared euclidean cost functions
c, is non-differentiable and only works for large regularization strength ϵ where inner iterations
remain positive.

Forrow et al. 14 suggest a different route that imposes low-rank constraints on the feasible set of
couplings U(a, b) rather than on the kernel matrix K. Their approach leads to an elegant solu-
tion via a barycenter problem; however, it remains limited to squared euclidean cost functions c.
Scetbon et al. 6 generalize this approach to arbitrary cost functions c; their proposed solution is dif-
ferentiable and applicable for a wide range of ϵ values, including no entropic regularization (ϵ = 0).
This approach is implemented in OTT and available through moscot; we refer to it as low-rank
Sinkhorn. It has meanwhile been extended from W-type to GW-type problems7 which is also imple-
mented in OTT11 and available to FGW-based1,5 moscot models including moscot.space.mapping,
moscot.space.alignmentor moscot.spatiotemporal (Section 2).

For the low-rank Sinkhorn approach, following Scetbon et al. 6 , define the nonnegative rank of a
coupling matrix P ∈ RN×M

+ to be

rk+(P ) := min

{
q
∣∣∣P =

q∑
i=1

Ri , rk(Ri) = 1, Ri ∈ RN×M
+

}
, (13)

for rank rk. For r ≥ 1, we make use of this to define the set of rank-r couplings via

U(a, b, r) := {P ∈ U(a, b) | rk+(P ) ≤ r} , (14)

where U(a, b) is the set of feasible couplings. The rank-constrained feasible set U(a, b, r) allows us
to formulate the low-rank OT problem via

P ∗ := argmin
P∈U(a,b,r)

⟨P,C⟩ − ϵH(P ) . (15)

An explicit characterisation of couplings P in U(a, b, r) is given by

P = Q diag (1/g)R⊤ for g ∈ ∆∗
r , Q ∈ U(a, g), R ∈ U(b, g) , (16)

where ∆∗
r denotes the r-simplex with strictly positive elements. Using this factorization, Scetbon

et al. 7 derive a mirror descent optimization scheme for the low-rank OT problem of Equation (15);
the time- and memory bottleneck in this algorithm is given by matrix-matrix multiplications of
the form CR and C⊤Q for Q ∈ RN×r and R ∈ RM×r. Thus, without any assumptions on the
cost matrix C, the low-rank approach remains at memory complexity O(MN) and time complexity
O(NMr).

To improve upon this complexity, assume that C itself admits a low-rank factorization (Section 2),
given by

C = AB⊤ for A ∈ RN×D, B ∈ RM×D , (17)

such that matrix-matrix multiplications CR = A(B⊤R) and C⊤Q = B(A⊤Q) can be evaluated
in memory O ((D + r)(M +N) +Dr) and time O (rD(N +M)), i.e. both linear in the total cell
number N +M . In particular, such a factorization can be obtained if the cost results from applying
a squared euclidean cost function, i.e. C = c(X,Y ) = ||X − Y ||22. In such a case, C may be written
as

C = p1⊤M + 1Nq⊤ − 2XY ⊤ , (18)

for p := [||x1||22, ..., ||xN ||22]⊤ and q := [||y1||22, ..., ||yM ||22]⊤. The desired factorization is obtained by
defining A := [p,1N ,−2X] ∈ RN×(Nl+2), B := [1M , q, Y ] ∈ RM×(Nl+2) for cells xi and yj embedded
in some latent space of dimension Nl. In general, low-rank factorizations of cost matrices C can be
computed in linear time using randomized algorithms as long as the cost function c is given by a
proper distance metric6,9,10.
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4 Background information on pancreatic endocrinogenesis

The process of murine pancreatic endocrinogenesis can be divided into two stages. The primary
stage is dominated by the creation of multipotent progenitor cells (MPCs), and mainly takes place
between embryonic day (E) 9.5 and E12.515–17. During the secondary stage the cells develop into
three major lineages, namely Acinar cells, Ductal cells and the endocrine cells. During pancreatic
lineage formation, first MPCs give rise to tip and trunk domains. The tip domain is differentiated
into acinar cells and the trunk domain contains bipotent progenitors that give rise to ductal cells or
endocrine progenitors. The later one is marked by the transient expression of the transcription factor
Ngn3 and produce different hormone-producing cell including alpha cells (expressing glucagon),
beta cells (insulin), epsilon cells (ghrelin), and delta cells (somatostatin) in a process so called
endocrinogenesis.

5 Geodesic cost functions

The quality of a mapping obtained from an OT problem depends on the chosen cost function
(Supplementary Figure 22). For example, for time-series scRNA-seq data, we need to quantify
the cost associated with transporting cells from t1 to t2. This amounts to defining a biologically
meaningful distance metric among cells in the underlying space (e.g. gene expression space). Most
OT applications to single-cell genomics use euclidean distances in latent spaces, such as PCA or
scVI18 latent space. However, euclidean distances might fail to capture the subtleties of cellular state
changes during complex biological processes such as development, regeneration, or cancer. In related
fields studying cellular manifolds and trajectories, researchers have successfully employed graph-
based distance metrics to avoid the pitfalls of euclidean distances to capture phenotypic manifolds.
For example, UMAP19, t-SNE20 and diffusion maps21 use graph-based distance metrics to derive
low-dimensional cellular representations, and DPT22, Wanderlust23 and Palantir24 use graph-based
distance metrics to estimate cellular trajectories25.

A common way to define distances on arbitrary domains is considering diffusion processes, and in
particular, heat diffusions26. Following the discussion about the use of graphs in single-cell genomics,
we focus on heat diffusions on graphs. For the general case, or the Euclidean case, we refer the reader
to text books. The heat kernel on a graph is defined as

Ht = exp (−tL) (19)

where L = D − A is the graph Laplacian, with D denoting the degree matrix and A denoting the
adjacency matrix. In effect, the heat kernel solves the heat equation

∂

∂t
f(t) +Lf(t) = 0, s.t. f(0) = f0 t ∈ R+ (20)

where f0 is the signal on the graph at time 0. A challenge in real-world applications is the choice
of t̄ as well as the choice of (the scale of) the distances between nodes, which affects the adjacency
matrix A and hence the Laplacian matrix L.

In the context of single-cell genomics, we consider N cells at t1 and M cells at t2, and then compute a
joint single-cell k-nearest neighbor (kNN) graph G. In particular, we use the connectivities computed
from scanpy.pp.neighbors as adjacency matrix. This allows to compute a graph laplacian matrix
L ∈ R(M+N)×(M+N).

The main challenge of solving the heat equation is the computation of the matrix exponential. Hence,
Huguet et al. 27 , Solomon et al. 28 suggest to approximate the matrix exponential using an implicit
Euler scheme 28 or Chebyshev polynomials 28. In particular, they choose t = ϵ

4 with ϵ denoting the
entropy regularisation parameter, which allows to use the heat kernel Ht as drop in replacement for
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the usual Gibbs kernel (Methods), i.e.

K(x, y) = Ht(x, y) , (21)

for cells x and y, and heat diffusion parameter t. Taking advantage of the sparsity of kNN graphs,
such an approach reduces the time complexity of Sinkhorn iterations to be linear in cell number
(N +M).

Another motivation to use heat diffusion is Varadhan’s formula 29. It connects the heat kernel with
the geodesic distance. In effect

lim
t→0

−4t logHt(x, y) = d2(x, y) (22)

where Ht denotes the heat kernel at time t and d(x, y) the geodesic distance.

6 On the limitations of optimal transport for recovering cell cycles

As demonstrated on toy data and the Proliferative Ductal cell population of the delevoping pancreas
in Supplementary Figure 23, optimal transport, and hence moscot, is able to identify the correct
direction of cell cycles. Yet, given the cell cycle model in Schwabe et al. 30 , there are limitations of
the use of optimal transport to recover cell cycles. Indeed, the distributional shift between two time
points must be sufficiently small such that cells advance less than 180 degrees (in expectation) in the
cell cycle. Note that the advancement in the cell cycle is due to the progression in the non-cycling
dimensions of the cell trajectory. This limitation is due to a limited number of samples and moscot
relying on discrete optimal transport, and hence not being able to recover the continuous trajectory
of cells, but only the (stochastic) conditional distribution.

7 Differential accessibility analysis

To study the ATAC profile of the respective progenitor cells, we performed a differentially accessible
peak analysis of epsilon progenitors to arrive at marker peaks using Signac (Methods, Supplementary
Tables 30-33). The most highly ranked peak (adjusted p-value of 3.53 · 10−52) overlaps with the
coding regions of Lrrtm3 and Ctnna3 (Supplementary Fig. 31), genes which the peak also shares
a high peak-gene correlation with (0.20 and 0.18, respectively). The peak is accessible by the
epsilon progenitor population as well as epsilon cells. Importantly, the same peak is the 4th most
significant peak when differentially testing for the Fev+ Delta cell population (adjusted p-value of
7.27 · 10−22), confirming the similarity of fate potentials of these cell states. Similar observations
for the most notable peaks in the Fev+ delta (Fig. 5m, Supplementary Fig. 31), respectively. The
most significantly accessible peak for the Fev+ Delta population (summarizing Fev+ Delta,0 and
Fev+ Delta,1 subpopulations to get a larger number of cells) is a peak in the coding region of the
gene Plcb4 (adjusted p-value of 3.49 ·10−28.). It is also highly accessible for cells classified as epsilon
progenitors, epsilon, and delta cells (Supplementary Fig. 31). Similarly, the gene expression of Plcb4
is particular high in these cell types and it shares the highest peak-gene correlation (0.08). These
observations support our lineage hypotheses and conjecture of high plasticity of Fev+ delta cells
formulated above.

8 Motif activity analysis in pancreatic endocrinogenesis

8.1 Motif activity in delta cells

For delta cells, the most highly ranked driver TF identified with moscot is Hhex (Pearson correlation
coefficient 0.66) but no motif associated with Hhex was highly expressed (we hypothesize this to be

82



the case as there is no directly measured motif in the cisBP data base (Methods) and the inferred
ones suffer from low quality). The second most remarkable is Mef2c (0.44), followed by Arg1 (0.37)
and Isl1 (0.24). The most remarkable motif according to the Wilcoxon test has cisBP identifier
M09209_2.00, with an adjusted p-value of 4.43 · 10−66. It is directly measured, and associated with
Isl1. Hence, we report this motif as the marker motif for delta cells.

8.2 Motif activity in epsilon cells

For epsilon cells, motifs related to the Foxa family were particularly differentiably accessible, while
Arg1 was identified as the most highly ranked driver TF by moscot, yet, cisBP does not provide
an associated motif for this TF. Thus, we identified Tead1 (correlation of 0.15) as key TF because
the directly measured motif M09438_2.00 is also substantially accessible with an adjusted p-value
of 2.29 · 10−28. Tead1, a Hippo signalling effector, is known for its role in early fate decisions of
endocrine progenitors, hence it is highly expressed in Ductal cells and Ngn3 low cells31. As the
differential motif activity test was performed on the whole dataset, the motif score is negative for
the cell types shown in the plots. Yet, the expression of Tead1 decreases substantially along the Ngn3
high,0 / Fev+ lineage, while it remains high in the Ngn3 high,1 / epsilon progenitor lineage.

8.3 Motif activity in alpha cells

Concerning alpha cells, motifs of the Pax2/Pax6 family were particularly active, but only gene
expression of Pax6 is significantly measured. Thus, we chose the motif M03900_2.00 (adjusted
p-value of 0.0), a motif only associated with the TF Pax6, while the two more highly scored motifs
are associated with both Pax6 and Pax2. Pax6 is also among the marker TFs identified with moscot
(0.25). In accordance with our findings, Pax6 has been reported to be crucial for the development
of alpha cells32.

8.4 Motif activity in beta cells

For beta cells, Mafa is the most highly correlated transcription factor identified with moscot (0.67),
while the most active motif according to the Wilcoxon test is M08835_2.00, directly measured with
Mafg, and moreover associated with [Mafk, Mafa, Mafg, Maf, Mafb]. As Mafg is also recovered as
a marker feature with moscot (0.29), we identify Mafg and the aforementioned motif with cisBP
identifier M08835_2.00 as marker features for beta cells.
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