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% Check for updates RNA velocity has been rapidly adopted to guide interpretation of

transcriptional dynamics in snapshot single-cell data; however, current
approaches for estimating RNA velocity lack effective strategies for
quantifying uncertainty and determining the overall applicability to the
system of interest. Here, we present veloVI (velocity variational inference),
adeep generative modeling framework for estimating RNA velocity.
veloVllearns a gene-specific dynamical model of RNA metabolism and
provides a transcriptome-wide quantification of velocity uncertainty. We
show that veloVI compares favorably to previous approaches with respect
to goodness of fit, consistency across transcriptionally similar cells and
stability across preprocessing pipelines for quantifying RNA abundance.
Further, we demonstrate that veloVI's posterior velocity uncertainty
canbe used to assess whether velocity analysis is appropriate for agiven
dataset. Finally, we highlight veloVl as a flexible framework for modeling
transcriptional dynamics by adapting the underlying dynamical model to

use time-dependent transcription rates.

Advances in single-cell RNA sequencing (scRNA-seq) technologies
have facilitated the high-resolution dissection of the mechanisms
underlying cellular differentiation and other temporal processes' .
Although scRNA-seqis a destructive assay, awidely used set of com-
putational approaches leverage the asynchronous nature of dynami-
calbiological processes to order cellsalong aso-called pseudotime
in the task of trajectory inference*”. Traditional methods for tra-
jectory inference typically require the initial state of the underly-
ing biological process to be known and use manifold learning to
determine a metric space in which distances capture changes in
differentiation state.

Recently, RNA velocity has emerged as a bottom-up, mechanis-
tic approach for the trajectory inference task. RNA velocity, which
describes the change of spliced messenger RNA (mRNA) over time,
makes use of concomitant detection of unspliced and spliced RNA
transcripts with standard scRNA-seq protocols®. Upon estimation,
RNA velocity is typically incorporated into analyses in two ways: (1)
inferringacell-specific differentiation pseudotime or (2) constructing
atransition matrix inducing a Markov chain over the data to determine
initial, transient and terminal subpopulations of cells’.

There are currently two popular methods for estimating RNA
velocity. Thefirst, referred to as the steady-state model, assumes (1)
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constantrates of transcription and degradation of RNA; (2) asingle,
global splicing rate®'’; (3) that the cellular dynamics reached an
equilibrium in the induction phase and do not include basal tran-
scription; and (4) gene-wise independence. The second method,
referred to as the EM model, was previously described and imple-
mented in the scVelo package". The EM model relaxes the assump-
tion of the system having reached a steady-state, infers the full set of
transcriptional parameters and estimates a latent time per cell, per
gene by formulating the problem in an expectation-maximization
(EM) framework.

While these approaches for estimating RNA velocity have been
successfully used to interpret single-cell dynamics>?, they also suf-
fer from limitations derived from their modeling assumptions and
downstream usage'*". For example, both methods lack a global notion
of uncertainty. Thus, assessing the robustness of the RNA velocity
estimate, or deciding to what extent velocity analysis is appropriate
foragiven dataset can be difficult. Although the EM model can be used
to rank putative ‘driving’ genes by their likelihood, there is no direct
connection between gene likelihood, visualization and correctness.
For example, in the case of dentate gyrus neurogenesis, visualization
of RNA velocity suggests that granule mature cells develop into their
immature counterparts even though a selection of high likelihood
genes suggests the reverse (correct) dynamics™.

Estimation of RNA velocity with currentapproachesis also tightly
coupled to the parameterization of the differential equations underly-
ingtranscription. Assumptions such as constant transcription, splicing
and degradation rates may be too simple to explain dynamics that
arise in multi-lineage' or even single-lineage’® cell differentiation.
The methods outlined to estimate RNA velocity lack extensibility and
flexibility to adapt to more complicated, real-world scenarios. Emerg-
ing technologies such as VASA-seq", which have greater sensitivity
for unspliced RNA detection, may provide sufficient signal to fit more
complex models.

To address these issues, we present veloVI (velocity variational
inference), a deep generative model for estimating RNA velocity.
VeloVI reformulates the inference of RNA velocity via a model that
shares information between all cells and genes, while learning the
same quantities, namely kinetic parameters and latent time, as in the
EM model. This reformulation leverages advances in deep generative
modeling?®, which have become integral to many single-cell omics
analytical tasks such as multimodal data integration*-?, perturba-
tion modeling”?** and data correction®. As its output, veloVI returns
anempirical posterior distribution of RNA velocity (matrix of cells by
genes by posterior samples), which canbeincorporatedinto the down-
stream analysis of the results. Here, we show that veloVI represents a
substantialimprovement over the EM modelin terms of fit to the data.
Additionally, it provides a layer of interpretation and model criticism
lacking from previous methods while also greatly improving flexibility
for model extensions.

We use veloVIto enhance analyses of velocity at the level of cells,
genes and whole datasets. At the level of a cell, veloVIilluminates cell
states that have directionality estimated with high uncertainty, which
adds a notion of confidence to the velocity stream and highlights
regions of the phenotypic manifold that warrant further investigation
and more careful interpretation. We couple this analysis with ametric
called velocity coherence that explains the extent to which a gene
agrees/disagrees with the inferred directionality. At the level of genes
and datasets, we propose a permutation-based technique using veloVI
that can identify partially observed dynamics or systems in steady
states. This can be used to determine the extent to which RNA velocity
analysis is suitable for a particular dataset.

Finally, veloVlis an extensible framework to fit more sophisticated
transcriptional models. We highlight this flexibility by extending the
current transcriptional model with a time-dependent transcription
rate and show how this extension can improve the model fit.

Results

Variational inference for estimating RNA velocity

VeloVI posits that the unspliced and spliced abundances of RNA for
each genein a cell are generated as a function of kinetic parameters
(transcription, splicing and degradation rates), a latent time and a
latent transcriptional state (induction state, repression state and their
respective steady states). Additionally, veloVI posits that each gene’s
latent times (per cell) are tied via a low-dimensional latent variable
that we call the cell representation. These representations capture
thenotion that the observed state of acellis acomposition of multiple
concomitant processes that together span the phenotypic manifold'.
This modeling choice is justified by the observation that with the EM
model, whichis fitindependently per gene, the inferred latent time
matrix (of shape cells by genes) has alow-rank structure (but notably,
notrank one; Extended Data Fig. 1).

The complete architecture of veloVI manifests as a variational
autoencoder®. The encoder neural networks take the unspliced and
spliced abundances of a cell asinput and output the posterior param-
eters for the cell representation and latent transcriptional state vari-
ables. The gene-wise, state-specific, latent time is parametrized by a
neural network that takes asample of the cell representation as input.
The likelihood of cellular unspliced and spliced abundances is then a
function of the latent time, the kinetic rate parameters and the state
assignment probabilities (Fig. 1a and Methods). The model’s param-
eters are optimized simultaneously using standard gradient-based
procedures. After optimization, the cell-gene-specific velocity is com-
puted as a function of the degradation rate, the splicing rate and the
fitted unspliced and spliced abundances, which directly incorporate
the posterior distributions over time and transcriptional state.

AsaBayesian deep generative model, veloVI can output a posterior
distribution over velocities at the cell-gene level. This distribution can
be used to quantify an intrinsic uncertainty over the first-order direc-
tions that a cell can take in the gene space. In downstream analyses,
velocity is often used to construct a cell-cell transition matrix that
reweights the edges of anearest-neighbors graph according to the simi-
larity of the first-order displacement of a cell and its neighborhood®".
By piping posterior velocity samples through this computation, we
also quantify an extrinsic uncertainty, which reflects both the intrin-
sicuncertainty and the variability among the cell’s neighbors in gene
space (Fig. 1band Methods). In contrast, the EM model and steady-state
model do not carry any explicit notion of uncertainty. Indeed, both
previous models only allow evaluating an uncertainty post-hoc based
on quantifying velocity variation over a cell’s neighbors’. Finally, a
point estimate of the velocity averaged over samples for a cell allows
veloVI's output to be used directly in scVelo’s downstream visualiza-
tion and graph construction functionalities as well as other packages
building upon scVelo®?.

veloVlimproves data fit over the EM model and is stable
We performed a multifaceted analysis to evaluate veloVI’s ability to
robustly fit transcriptional dynamics across a range of simulated and
real datasets, comparing to both the EM model and the steady-state
formulation of RNA velocity as implemented in the scVelo package".
Wefirst assessed each model’s ability to recover kinetic parameters
in simulated data (Methods). With an increasing number of observa-
tions, veloVI outperformed the EM model and was better than the
steady-state model in recovering the simulated ratio of degradation
and splicing rate for each gene (Supplementary Fig. 1a). Similarly,
veloVI'sinferred latent time and velocity correlated significantly bet-
ter (two-sided Welch’s t-test, P < 0.001) with ground truth compared
to EM estimates when simulating data with parameters previously
estimated on real data (Methods and Fig. 2a). It is notable that these
simulations reflect anidealized scenario as cells are simulated via the
EM model generative process, which assumes gene-wise independ-
ence, induction followed by repression states and a single lineage
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(Methods). Nonetheless, veloVI outperforms the EM model even in
these EM-favorable conditions. We also benchmarked the runtime of
veloVland EM model. For this comparison, we ran both models on sub-
samples of amouse retina dataset® containing approximately 114,000
cells. Across multiple subsamples, inference was substantially faster
using veloVIcompared to the EM model (Supplementary Fig. 1b). Spe-
cifically, considering 20,000 cells, veloVlachieved a fivefold speed-up.

Tofurther validate the accuracy of veloVl, we compared veloVland
the EM model on cell-cycle datasets of fluorescent ubiquitination-based
cell-cycleindicator (FUCCI) RPE1and U20S cells™* asiit offers orthogo-
nal validation of directionality/time via a protein-derived cell-cycle
score (Fig. 2b). To assess model performance, we first compared the
local consistency of the velocity vector fields generated by each model.
This consistency measure quantifies the extent to which the velocities
of cellswith similar transcriptomic profiles (nearest neighbors) agree
andrelies onthe assumption that velocities change smoothly over the
phenotypic manifold. Compared to the EM model, veloVI achieves a
higher velocity consistency (Fig. 2c). We also tested whether the direc-
tionof the velocity at the gene level aligns withaground truth heuristic
based onthe cell cycle (Methods). As before, veloVlyielded consistent
results and outperformed the EM model (RPE1 (resp. U20S), 66% (resp.
68%) genes have higher velocity sign accuracy under veloVI; Fig. 2d)
significantly (one-sided Welch’s ¢-test, P < 0.001). Asacomplementary
validation of these findings, we confirmed that the velocities of indi-
vidual genesinferred by veloVI change more smoothly (are less noisy)
withrespecttotheground truth ‘time’ compared to the EM model (RPE1
(resp.U20S),78% (resp. 65%) genes have higher R*under veloVI) (Fig. 2e,
Supplementary Fig. 2 and Methods).

We then evaluated the stability of velocity estimates on real
datasets processed with 12 different RNA abundance quantification
algorithms®**2°33 based on previous work that highlighted general
inconsistenciesin velocity estimation®* (Methods). To do so, we meas-
ured the correlation of velocity of each cell between pairs of quan-
tification flavors on five benchmarking examples, namely pancreas
endocrinogenesis at embryonic day 15.5 (ref. 35) as well as datasets of
spermatogenesis®®, mouse developing dentate gyrus®, the prefrontal
cortex of amouse’®® and 21-22-month-old mouse brains®. When aggre-
gating these correlations for each pair of quantification algorithms,
veloVIscored bothahigher mean correlation and lower variance com-
pared to the EM model. Compared to the much simpler steady-state

model, veloVItended to have a similar mean correlation, but with lower
variance (Fig. 3a, Extended Data Fig. 2 and Supplementary Figs. 3-7).

To assess how well the inferred dynamics reflect the observed data,
we computed the mean squared error (MSE) of the fit for the unspliced
and spliced abundances and compared the MSE to that of the EM model
on a selection of datasets (Supplementary Table 1). For each dataset,
we computed the ratio of the MSE for veloVI and the EM model at the
level of a gene. VeloVI had better performance for a majority of the
genesineach dataset (Fig.3b). Additionally, across all datasets, veloVI
had higher velocity consistency among cells (Fig. 3b). We attribute this
increase to the explicit low-dimensional modelingin veloVIthat shares
statistical strength across all cells and genes.

Despite sharing many model assumptions, the velocities estimated
foragene withveloVlwere partially correlated on average with their EM
counterpart (Fig. 3b). To highlight the differences in velocity estimation
at the level of individual genes, we examined Sulf2, a marker of endo-
crine progenitor cells and Top2a, a cell-cycle marker, in the pancreas
dataset (Fig. 3c). For both of these genes, the EM model predicted a
wide range of velocities for cells that had near-zero unspliced and
spliced abundances. For example, terminal beta cells had substantially
positive velocity under the EM model for Sulf2 despite being located
atthe bottom-left of the phase portrait (defined as the scatter-plot of
unspliced versus spliced abundance of agene) and with known develop-
ment occurring later than endocrine progenitors and pre-endocrine
cells.Inthe case of veloVI, beta cells had nearly zero velocity, reflecting
their belonging to the putative repression steady state for this gene.
We attribute thisresult to veloVI's velocity directly marginalizing over
thelatent cell representations, which explicitly incorporates the prob-
ability that a cell belongs to induction, repression, or their respective
steady states (Methods). We observed similar results for Top2a, in
which cell types without a strong cell-cycle signature and near-zero
unspliced/spliced abundance had positive velocity in the EM model,
but near-zero velocity using veloVI.

veloVl enables interpretable velocity analysis

We theninvestigated how the uncertainty in the velocity estimates of
veloVI could be used to scrutinize its output, both at the level of cells
(which might be incorrectly modeled) and at the level of individual
genes (which might be inconsistent with the aggregated, cell-level
output). We used this uncertainty to (1) measure the variability in the
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Fig. 2| Benchmarking of velocity and latent time recovery. a, Accuracy of VI
and EM models on recovering ground truth latent time and velocity. For each
quantity, we provide results in the form of box plots (n =1,074 genes) and scatter
plots (VImodely axis, EM model x axis). Rate parameters were estimated by each
model on the pancreas dataset. Following this, a subset of these parameters

was used to simulate new data, which each model was fitted to. In these plots,
each point corresponds to a gene, where the value is the correlation between
the estimated time/velocity versus the ground truth. The color coding in the
scatter plots indicates whether the simulated rate parameters were derived
from the original EM or VImodel fit. Box plots indicate the median (center line),
interquartile range (hinges) and whiskers at 1.5x interquartile range. b, UMAP
colored with FUCCI-derived cell-cycle score for the RPE1- (top) and U20S-FUCCI

Cell cycle score
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cells (bottom). ¢, Comparison of the velocity consistency from veloVI (blue)

and the EM model (orange). The cell-wise velocity consistency in case of RPE1-
FUCCI cells is shown on top, their U20S counterparts on the bottom (n=2,793
cells, top; n=1,146 cells, bottom). Box plots indicate the median (center line)
and interquartile range (hinges). d, Comparison of veloVI’s and the EM model’s
estimated velocities. The violin plots show the log-transformed ratio of each
method’s velocity sign accuracy, which were computed per gene. Box plots
indicate the median (center line) and interquartile range (hinges) (n =140 genes,
top; n =395 genes, bottom). Significance was assessed with a one-sided Welch’s
t-test (P<0.001). e, Spliced abundance of PIF1 versus cell cycle score for each cell
in the U20S-FUCCI dataset (left). Estimated velocity in PIF1 using the VI (middle)
and EM model (right) plotted against the cell-cycle score.
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Fig. 3| Velocity model comparison in complex biological systems.

a, Comparison of velocity estimation when using different algorithms to quantify
unspliced and spliced counts. Correlation of velocities derived from pairs of
quantification algorithms and from velocities estimating using one of veloVI

(VI), the EM and steady-state (SS) model are compared on the pancreas® and
spermatogenesis® data. Box plots indicate the median (center line), interquartile
range (hinges) and whiskers at 1.5x interquartile range (n = 78 pairs of
quantification methods each). b, Comparison of veloVl and the EM model based
ongene-wise MSE (left), cell-wise velocity consistency (middle) and gene-wise
velocity Pearson correlation (right) on datasets of pancreas endocrinogenesis™

(n=1,074 genes for MSE and velocity correlation; n = 3,696 cells for velocity
consistency), hippocampus® (n =1,292 genes for MSE and velocity correlation;
n=18,213 for velocity consistency), forebrain® (n = 822 genes for MSE and
velocity correlation; n=1,720 for velocity consistency) and retina* (n =700
genes for MSE and velocity correlation; n = 2,726 for velocity consistency). Box
plotsindicate the median (center line), interquartile range (hinges) and whiskers
atl.5xinterquartile range. ¢, Velocity comparison on the level of individual genes
inthe pancreas dataset (Sulf2 and Top2a). For each gene, the velocity of the EM
modelis plotted against veloVI (left) and the gene phase portraitis given (right).
Each observation s colored by its cell type as defined in previous work™.

phenotypicdirectionality suggested by the velocity vectorineach cell
(here, intrinsic uncertainty) and (2) quantify the variability of predicted
future cell states under the velocity-induced cell-cell transition matrix
(here, extrinsic uncertainty; Fig. 1b and Methods).

We applied these uncertainty metrics to the pancreas dataset
(Fig. 4a). We observed that the intrinsic uncertainty was elevated in
ductal and Ngn3-low endocrine progenitor populations, while the
extrinsic uncertainty highlighted these same populations in addition
to terminal alpha and beta cells. These results demonstrate that lower
intrinsic uncertainty does not necessarily preclude higher extrinsic
uncertainty. While the former relies on estimating the velocity vector
(whichis cell-intrinsic), most velocity pipelines also account for other
cellsinthe dataset, which presumably represent the potential past and
future states of the cell, to determine cell transitions (Fig. 1b).In the case
of alphaandbetacells, these cells represent terminal populationsin the
pancreas dataset, which may explain the high extrinsic uncertainty as
there are no observed successor states. Conversely, in the case of tran-
sient cell populations, such as Ngn3-high endocrine progenitors and
pre-endocrine cells, both metrics assign alow uncertainty. We attribute
thelowintrinsic uncertainty of these cells to the fact that their dynam-
ics agree well with the underlying model assumptions (Extended Data
Fig.3). The addition of low extrinsic uncertainty further suggests that
these celltypes have clear successor populationsin this dataset (Fig. 4a).

Tofurther understand what aspects of the data these uncertainty
metrics capture, we (insilico) perturbed the pancreas dataset by either
(1) downsampling the total counts of each cell to mimic changes in
sequencing depth and capture efficiency; (2) subsampling unspliced
counts for asubset of genes to mimic the biased capture of unspliced
molecules; or (3) adding random multiplicative noise to each abun-
dance value (Methods). We applied each perturbation at various
strengths and found that for each perturbation source, the intrinsic

uncertainty increased with the perturbation strength. We found a
similar response for the extrinsic uncertainty except in the case of
total count downsampling, which required a high strength to shift the
extrinsic uncertainty (Extended DataFig.4). These results suggest that
the uncertainty metrics can capture random noise in the data, as well
as biasin how the transcripts are measured.

Finally, we asked whether we could use veloVI’s uncertainty
to address the common behavior of unexpected ‘backflow’ in
two-dimensional velocity visualizations; when projecting the average
veloVl velocity onto a Uniform Manifold Approximation and Projec-
tion (UMAP)** plot (using procedures from elsewhere''), we observed
anincorrect ‘backflow’ of directionality in alpha and beta cells, which
showed transitions toward their known progenitors. While these ter-
minal populations have high extrinsic uncertainty according toveloVl,
it remains difficult to explain which genes cause the inconsistency. In
the case of scVelo, it has been proposed to use the likelihood of agene
asaproxy; however, thelikelihood has no direct connection to cell-cell
transition-based analyses.

To this end, we sought to score genes in each cell according to
how well their velocity agrees with the predicted future cell state that
is derived via the velocity-induced transition matrix (incorporat-
ing velocity information from all genes as well as gene expression in
neighboring cells; Methods). We reasoned that this score, which we
call velocity coherence, could help gain insight into why a particular
directionality might manifest. A positive score of agene indicates the
velocity value of that gene (the time derivative of its spliced mRNA)
agrees withitsexpressionintheinferred future cell state (same direc-
tion) and likewise, a negative score indicates disagreement (Fig. 4b
and Extended Data Fig. 5a).

Inthe alphacells, for example, there are both positively and nega-
tively scoring genes. Genes with a negative score, such as Gcg and
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Sphkap, were fit correctly by veloVI (alpha cells after pre-endocrine
cellsintime along the inferred trajectory on the phase portrait), but dis-
agreewiththe predicted future cell state, suggesting that other genes
are outweighing these genes in the transition matrix computation
(Extended DataFig. 5b).Indeed, genes such as Rnf130, Etvl and Grb1O,
which had a positive score that agrees with the backflow, seemed to
havebeen fitincorrectly (alpha cells precede pre-endocrine cells along
theinferred trajectory on the phase portrait) (Extended Data Fig. 5c).
The incorrect fits can putatively be explained by violated model
assumptions such as a transcriptional burst in alpha cells (Rnf130),
ambiguous phase portraits (Etvl) and multi-kinetics (Grb10).
Conversely, the dynamics in Ngn3-high cells are correctly visual-
izedinthe UMAP representation (Fig. 4a). We attribute this result to the
presence of many genes agreeing with both the model assumptions and
the predicted future state of acell (Extended Data Fig. 5d). Compared to
the 95% percentile of the coherence score in alpha cells, more than twice
asmany genes ranked above this threshold in the Ngn3-high cluster (135
versus 54); however, evenin this case, we found that many genes were
fitwithincorrect dynamics for this cell type (Extended Data Fig. 5e).
Taken together, these results suggest that the visualization of
dynamics onatwo-dimensionalembedding with previously described
procedures is explained by small subsets of genes. Thus, caution is

warranted when analyzing projections of velocity estimates onto a
two-dimensional embedding of the data. We urge users to investigate
the dynamics at the level of individual genes to identify which genes
meet the model assumptions. Putative candidates are given by our
proposed velocity coherence score. Additionally, to identify genes
viable for RNA velocity analysis due to the presence of transient cell
populations, we propose a score outlined next.

veloVlidentifies insufficiently observed or steady-state
dynamics
In datasets with non-differentiating, hierarchically-related cell types,
spurious cell state transitions may manifest when applying RNA veloc-
ity'*". Indeed, the underlying transcriptional likelihood model cannot
readily distinguish between the case of a transient population and that
of multiple steady-state populations. Therefore, we devised a proce-
duretouseatrained veloVimodel toidentify genes with phase portraits
that are consistent with adevelopmental process versus ones thatare
consistent with steady-state dynamics or are confounded by noise.
Wereasoned that the model fit of genes showing only steady-state
dynamics would be robust to a permutation of the data while the model
fit of genes with transient populations would worsen. Specifically for
every gene, cell type and species (spliced/unspliced) independently,
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we permuted the abundances of cells in a manner equivalent to shuf-
fling cell barcodes. Subsequently, we passed this perturbed dataset
throughthe veloVimodel'strained encoder and decoder and recorded
the absolute error of the fit grouped by genes and cell types. We then
used the ¢-test statistic to compare the mean absolute error in each
cell-type-gene group between the perturbed and original dataset
(Extended Data Fig. 6 and Methods). We hypothesized that the ¢-test
statistic, capturing the effect of the permutation, would be elevatedin
transient populations with strong time dependence and, conversely,
near-zero in steady-state populations.

In the pancreas dataset, the permutation strongly affects the
ductal and Ngn3 low EP cells for the cell-cycle gene Top2a. Indeed,
these cell types trace fully-observed induction and repression states for
Top2a.Inthe case of the delta-specific gene Sst, where no such transient
connection is observed, for example from ductal to pre-endocrine
to delta cells, no single cell type is strongly affected when permuting
(Fig.4c). Consequently, even though Sstis essential for the identity of
deltacells, the gene does not display continuous dynamics from ductal
progenitor cellsand, thus, does notinclude the necessary information
to be analyzed with RNA velocity.

We then applied this procedure to a variety of datasets. In one set
oftests, we used datasets describing cellular development. These data-
sets serve as partial positive controls as we expect directed dynamical
processes, asmodeled by RNA velocity, to take placein atleast asubset
of cellsin the dataset. As negative controls, we used simulated data of
bursty kinetics®” with no overall differentiation of cell state and datasets
containing multiple cell types that are in steady-state. To summarize
the permutation for agene, we used the maximum permutation effect
t-test statistic across cell types (permutation score). Two clusters of
datasets emerged when characterizing the per-gene permutation
score distribution (Fig. 4d). One cluster, with a fatter right tail (quan-
tified by skewness and kurtosis), contained positive control datasets
such as the pancreas and spermatogenesis. Despite having relatively
many genes sensitive to permutation, the datasets of this cluster also
contained many genes that were not sensitive, suggesting that there
are likely many non-dynamical genes used for downstream analysis
with RNA velocity. The other cluster, with less density in the right tail,
contained negative controls such as the peripheral blood mononuclear
cells (PBMCs), null-data simulation and the prefrontal cortex.

Between these two clusters of datasets, we also found a few
ambiguous datasets, such as the mouse retina (positive control) and
brain (negative control), which suggests that there exist some cell
subsets within these datasets that are affected by the permutation and
hence, possibly reflect a directed dynamical process thatis appropri-
ate for modeling with RNA velocity; however, upon closer inspection
of the brain dataset, we identified mature neurons as responsible for
skewing the permutation score density (Extended Data Fig. 7a). The
cluster of mature neurons was singled out as it attributes for about
one-third of the highest permutation scores (Extended Data Fig. 7b).
For the genes with the highest permutation score, these neuronal cells
exhibit abimodal distributionin which one mode haslow unspliced and
spliced abundance while the other hasrespectively higher abundances
(Extended Data Fig. 7c). Thus, we attribute this skewing to coarse
labeling of this population (Extended Data Fig. 7d). When excluding
mature neurons from this analysis, the distribution shifted and its
key characteristics moved toward the cluster formed by the negative
control cases (Extended Data Fig. 7e).

In the accompanying code to this manuscript, we provide these
permutation score densities as a resource for users of RNA velocity,
whichwill enable the datasets we analyzed here to serve as references
for the score distribution and thus as a systematic approach to meas-
ure the overall transient dynamics of a dataset. For example, datasets
exhibiting similar permutation score distributions as the given nega-
tive control cases (for example, via kurtosis or skew) are not suitable
for RNA velocity analysis with current models.

In Supplementary Notes 1 and 2, we provide case studies outlin-
ing how veloVI can be used in practice on PBMCs (negative control)
and mouse developing dentate gyrus (partial positive control). These
demonstrations synthesize veloVI's uncertainty quantification and
permutation procedure along with the velocity coherence. When
applying the permutation procedure, we were able to provide further
evidence for the lack of transient populations in the case of PBMCs
(Supplementary Note 1), as well as identify transient populations of
neuroblasts and granule immature cells for many genes in dentate
gyrus (Supplementary Note 2). Taken together, these results dem-
onstrate that the permutation score is also useful for identifying cell
populations that lack detectable transient dynamics.

veloVlis an extensible framework for dynamical modeling

The transcriptional model assumptions at the level of one gene (for
example, constant rates thatimpose a specific structure of phase por-
traits) can be shown to be violated in many cases. For example, in the
case of transcriptional bursts inwhich the transcription rate increases
with time'® or multiple kinetics within a single gene™, the assumption
of constant kinetic rates is violated. Thus, there remains a need for
modeling frameworks that are extensible and support varied and more
nuanced dynamical assumptions. While veloVI makes many of the same
assumptions asinthe EM model, it leverages black-box computational
and statistical techniques that allow its generative model to be altered
to include new assumptions without needing to extensively rewrite
inference recipes or generally sacrifice scalability.

To explore veloVIas a general modeling framework, we adapted it
to use gene-specific, time-dependent transcription rates. Under this
extension, transcription rates are free to monotonically increase or
decrease with respect to time™, thus allowing for modeling the acceler-
ation of RNA abundance, which canimpact the curvature of the model
fit (Methods and Fig. 5a). To infer these additional parameters, only
thelikelihood function of veloVI needed to be adapted. Applying this
modified version of veloVIto the pancreas, dentate gyrus and forebrain
datasets, we observed improved fit for the majority of genes (Fig. 5b).
Inthe case of the pancreas dataset, the added flexibility allowed veloVI
to better fit genes that seem more linear in their phase portraits, for
example, asitcanreducethe curvature of the fitted dynamics (Fig. 5c).

In the case of Smarcal, the model using a constant transcription
rateinferred adownregulation (repression) of alpha cells differentiat-
inginto their progenitor populations of pre-endocrine celland ductal
cells (Fig. 5c). Contrastingly, using atime-dependent transcriptionrate,
the upregulation of ductal to pre-endocrine to alpha cells is inferred
by the generalized model. Similar observations apply to Atad2 and
Cdknla.While the constant transcription rate model inferred the cor-
rectregulationtypefor Ppplrla,its generalized counterpart captures
the underlying dynamics more accurately (Fig. 5c). Overall, for most
genes, we observed a decreasing transcription rate over time (Sup-
plementary Fig. 8).

Altogether, this exemplary model extension demonstrates the
flexibility of veloVI's modeling approach. The flexibility allows us to
quickly prototype extensions and infer additional parameters within
asingle, consistent framework. We, thus, expect future models to
benefit from such flexibility.

Discussion

Here, we reformulated the estimation of RNA velocity in a variational
inference framework with veloVIl. Our method compares favorably
to previously proposed methods®" and adds actionable metrics into
downstream data analyses at the cell level via uncertainty quantifica-
tionand at the level of agene and dataset with the permutation score.
We believe that veloVI will facilitate more systematic analyses with
RNA velocity and help reduce the strong reliance on prior knowledge
to guide whether results are sensible. As an example, our permuta-
tionscore could be used to filter genes that are considered for further
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Fig. 5| Extension to modeling time-dependent transcriptionrates.

a, Time-dependent transcription rate for different sets of parameter values.

b, Log,, MSE ratio of models with constant and time-dependent transcription
ratein the case of the pancreas (n =1,074 genes), dentate gyrus (n =1,292 genes),
forebrain (n=822 genes) and retina (n =700 genes). Box plots indicate the

median (center line) and interquartile range (hinges). ¢, Gene phase portrait with
inferred dynamics with a constant (solid line) or time-dependent transcription
rate (dashed line) (top). Corresponding time-dependent transcription rates are
showninterms of the inferred latent time (bottom).

analysis. We also note that related work has very recently incorporated
deep learning with RNA velocity and we review these methods and
compare themto veloVlin Supplementary Note 3.

We view this formulation of modeling transcriptional dynamics
with probabilistic models and deep learning as a step toward a more
rigorous pipeline that faithfully captures the biophysical phenomenon
of RNA metabolism. Inthis work, werelied on previously described data
processing approaches that smooth unspliced/spliced abundances
across nearest neighbors before velocity estimation. We also borrowed
many assumptions fromthe EMmodel, including, forexample, thelack
of explicitsupport for multiple diverging lineages that would resultin
genes reflecting a superposition of dynamical signals.

In contrast to previous models, veloVl is built in an extensible
way using the scvi-tools framework?. As a proof of concept, we dem-
onstrated that veloVI could be easily extended to use time-dependent
transcription rates, which improved model fit for many genes. We
anticipate that the veloVI framework will be further adapted to over-
come other computational challenges including estimating velocity
while accounting for batch effects, using multimodal technologies
with measurements that span biology’s central dogma*-**and directly
modeling the unspliced and spliced RNA counts with count-based

likelihoods. Furthermore, while veloVI's estimated velocities are rela-
tive to a given maximum time of the process (similar as for the EM
model), they are no longer relative with respect to the splicing rate as
inthe steady-state model. In futureiterations, we anticipate including
prior information from metabolic labeling data to estimate absolute
velocities. We discuss these challenges, other considerations and future
opportunitiesin Supplementary Note 4.

A philosophical challenge with RNA velocity relates to the notion
that models should use bottom-up mechanistic approaches while also
being general enough to be applied across a variety of biological sys-
tems, each with their own caveats and unique dynamics. In this work,
we use a low-dimensional representation of a cell’s phenotypic state to
capture multiple biological processes (for example, differentiation and
cellcycle). More complex models likely need prior information, such as
known experimental time points or cell type lineages to solve issues of
statistical identifiability that arise in these more general modeling sce-
narios; however, incorporating such priors can contradict the usage of
RNA velocity asade novodiscovery tool for the trajectory inference task.
Despiteall these outlined challenges, we envision that veloVIwill facilitate
applications of RNA velocity via uncertainty-aware analysis as well as
easier model prototyping, benefiting both users and method developers.
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Methods
veloVI model specification
We begin with the formulation of the ‘dynamical’model of RNA veloc-
ity as presented by ref. 11. We posit transcriptional statesk € {1, 2, 3, 4},
where k=1indicates induction, k= 2 indicates the induction steady
state, k=3 indicates repression and k = 4 indicates the repression
steady state.

Let a,, be the gene-state-specific reaction rate of transcription.
Let B, be the gene-specific splicing rate constant and let y, be the
gene-specific degradation rate constant. Each gene has a switching
time ¢; when the system switches from induction phase to repression
phase.

Given the solution to the ordinary differential equations®, the
unspliced transcript abundance at time z,, for cell n and gene g is
defined as

49 (tg, k) 1= ugke’ﬁg(’"g o (l e’pg(t"g’tgk)), 1)

g

where ¢, is theinitial time of the systemin state k. The spliced transcript
abundance is defined as
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Induction state. For theinduction state, k=1, we have ugl =0, sgl =0,

o, >0and f§1 = 0.Thus, the unspliced transcript abundance can then
be expressed as

09 g k= 1) = T2 (1 e hite). ®
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Likewise, the spliced transcript abundance can be simplified to

O, k=1) :=
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Induction steady state. For the induction steady state, k=2, the
unspliced and spliced transcript abundances are defined as limits of
the system:
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Repression state. For the repression state, k=3, we have a,; =0 and
tgg =t;. Thus, the number of unspliced transcripts can then be
expressed as

0@ty k =3) 1= u&e‘ﬁg(‘"g_tgﬁ). 7)

Likewise, the number of spliced transcripts can be simplified to
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The initial conditions, u§3 and 523 are defined by the induction

modelat the switching time &, such that

ugs_u(g(sg,k=2) ©
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Repression steady state. For the repression steady state, the limit
uponwhicht,, > =, there is no expression, so we have

i@, k=4):=0 1)
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Model assumptions. Asinref. 11, thismodel assumes that for one gene,
attheinitialtime of the system, cells are firstininduction phaseinwhich
bothspliced and unspliced expressionincreases. Then cells potentially
reachasteady state of thisinduction state. Nextat some future time &
the system switches torepression state. Finally, the repressionreaches
asteady statein which thereis no expression. Further assumptions are
necessary to identify the dynamical model parameters**; thus, we
assume that each gene is on the same time scale (precisely each gene
has a maximum time of t = 20 as shown previously™).

veloVIgenerative process
We posit a generative process that takes into account the underly-
ing dynamics of the system. Compared to Bergen et al.", the model
here does not treat each gene independently; instead, the latent time
and states for each (cell and gene) pair are tied together via a local
low-dimensional latent variable.

For each cell we draw a low-dimensional (d =10 dimensions
throughout this manuscript) latent variable

z, ~ Normal(0,/;) (13)

that summarizes the latent state of each cell. Next, for each gene gin
cellnwedraw the distribution over the state assignments as well asthe
state assignment itself

T,g ~ Dirichlet(0.25,0.25,0.25,0.25) (14)

kng ~ Categorical(m,,) 15)

Here m,, is sampled from a Dirichlet distribution, which has the
support of the probability simplex. In other words, the Dirichlet pro-
vides a distribution over discrete probability distributions. If k,, =1
(induction), then the timeis a function of z,,

Phg = [hina(z)l, (16)

»_
tng = Prats

png g az)

where h;,q : R? - (0,1)° is parameterized as a fully connected neural
network. Notably, this parameterization results inaninduction-specific
time thatis constrained to be less than the switching time.

Else,if k,, =3 (repression),

Prg = lheep(@)], (18)

3 3
e = (tmax — )P0 + 83

19)
where ¢, :=20isusedto fix the time scale across genes and identify
therate parameters of the model. Similarly to the previously defined
function, A, : R? - (O, 1)¢ andis also a neural network.

We also consider two potential steady states. If k,, =2 (induction
steady state) or if k,, =4 (repression steady state), we consider the
limit astime approaches -, whichis described inthe previous section.
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Finally, the observed data are sampled from normal distributions

as
_ ky
Upg ~ Normal (u(g)(tf,gg), Kng), (ckag)z) (20)
Sng ~ Normal (5(3)(tf,k”g),k,,g), (ckog)z) (21)

For veloVI, we consider the observed data {(s,,, u,,)}Z:1 to be the
nearest-neighbor smoothed expression data that is also used as input
toscVeloas wellas velocyto. In addition, we assume the datahave been
preprocessed such that for each gene, the smoothed spliced and
unspliced abundances areindependently min-maxscaledinto [0, 1]. By
using the normal distribution, we assume that the smoothed expression
(which represents an average of random variables) has a sampling
distribution centered on some mean value and that this sampling dis-
tributionis approximately normal; however, the flexibility of this mod-
eling framework will enable extensions that consider the discrete nature
of unique molecular identifiers used in standard scRNA-seq assays.

Weinclude astate-dependent scaling factor on the variance. For all
experimentsinthis manuscript, we used ¢, = 1except for the repression
steady state in which ¢, = 0.1. This hyperparameter choice forces the
variance of abundanceintherepression steady state to beless than that
of other transcriptional states, whichreflects the notion that the repres-
sion steady state corresponds to zero transcriptional activity. Despite
the assumption of zero transcriptional activity, the normal distribu-
tion here captures noise that arises during the experimental process
(ambient transcripts) as well as during preprocessing (for example,
KNN smoothing). Finally, in the following, let @be the set of parameters
ofthe generative process (a, 3, y, t' and neural network parameters).

veloVlinference procedure

We seek the following: (1) point estimates of the transcription rate,
degradationand splicing rate constants and the switching time point;
(2) point estimates of the parameters of the neural networks; and (3),
a posterior distribution over the latent variables, which in this case
includes z and . Noting that the model evidence p,(u, s) cannot be
computed in closed form, we use variational inference® to approxi-
mate the posterior distribution as well as accomplish the other tasks.
Following inference, velocity can be calculated as a functional of the
variational posterior distribution.

Variational posterior. We posit the following factorization on the
approximate posterior distribution

N G
Gp@ | u,8) 1= [ [ 0p@n | tin, ) [ | 99 (g | 20), (22)
n g

inwhich dependencies are specified using neural networks with param-
eter set ¢. Here z factorizes over all n cells and m,,, over all n cells and
ggenes.

For thelikelihoods, we integrate over the choice of transcriptional
statek,,, such that thelikelihoods for unspliced and spliced transcript
abundances,

_ (kng) 2
pG(ung | Zp, TM,) = Z ”ngk,,gNormal (u(g)(tngg , kng)s (Ckog) ) (23)
kng€11,2,3,4}

| (Kng) 2
ol ) = 3 }nngkngNormal(s@)(tn;,kngx(ckog)) @4
g €{1,2,3,4

are mixtures of normal distributions.

Objective. The objective that is minimized during inference is com-
posed of two terms

Lyelo(0, @3 U, S) = Leipo (0, P54, S) + ALyiecn (65 4, 5), (25)
where £, is the negative evidence lower bound™® of log py(u,s) and
Lewicnis anadditional penalty that regularizes the location of the tran-
scriptional switchin the phase portrait. In more detail,

Lelbo(es (p; Ll,S) = Z _IEqw(z,,,n,,\u,,,s") [Inge(un’Sn |Zn7”n)]
n

+KL (g2 | Uy, 50) || PD) 26)

+|Eq¢(z,.|u,,,s,,) 2 KL (q¢("ng|zn) I p("ng)) ,
g

which can be estimated using minibatches of data. In particular, we
use randomly sampled minibatches of 256 cells for inference. For
the penalty term £, We start by only considering cells that are
above the 99th percentile of unspliced abundance for each gene.
Using these cells we compute the median unspliced and spliced
abundance for each gene separately. Let u and s' be the outcome of
this procedure, then
2 2
Lowieen(B,8) = 3 (uy = ) +(s% =53 . @7)
g

where u2,and sg, were defined as the initial conditions of the repression
phase at the switch time ¢;.

Initialization. We initialize a,, to be equal to the median unspliced
abundance for the cells above the 99th percentile for each gene. The
otherglobal parameters, including the splicing, degradation and switch
time are initialized to a constant value shared by all genes. All neural
network initialization uses the default implementation in PyTorch.

Optimization. To optimize £, We use stochastic gradients* along
with the Adam optimizer with weight decay*® as implemented in
PyTorch*.For all experiments we useA = 0.2 for scaling the regulariza-
tiontermintheloss. Asaresult of minibatching, veloVI’s memory usage
is constant throughout training. Unless otherwise specified, all neural
networks are fully connected feedforward networks that use standard
activation functions such as ReLU for hidden layers and softplus or
exponential for parameterizing non-negative distributional
parameters.

Architecture. An overview of the veloVl architecture is shown in Sup-
plementary Fig. 9.

Downstream tasks

Fitted abundance values. The fitted values (used, for example, in MSE
benchmarks) for unspliced and spliced abundance are the posterior
predictive mean:

Epus ) (U5 ] Ep(silansa) [Sn]

where u}; and s}, are unobserved random variables representing pos-
terior predictive values of unspliced and spliced abundances for cell
n. The posterior predictive in the case of unspliced abundance is
defined as

p(u: | un»sn) = / pB(uZ [ Zp, ”n)q(p(zns Un | un»sn)d”ndzn, (28)

which uses the variational posterior distribution as a plug-in estimator
for the true (unknown) posterior distribution.

We compare these fitted abundance values from veloVI to the
analog of the EM model, which itself can be interpreted as a posterior
predictive mean. Considering just the unspliced values, for example,
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the EM model positsanormallikelihood p(u,,lt,,, k) similar to veloVI
but without the latent cell state z, and learns posterior distributions
q(t, Uy, S,0) and (K, |u,,, s,.). Under the EMmodel, the posterior distri-
butions are Dirac deltadistributions and the corresponding posterior
predictiveis expressed as

p(ng | Ung, Sng) = / pe(u:;g [ tgs kng)q(p(tn > kng | ung7sng)dkngdtng- (29)

State assignment. The state assignment for each gene and cell is the
approximate posterior mean

Egyalinse) | Edp(raglen [Mrg] | -

Gene-wise latent time. The latent time is computed for each gene
andcellas

)
E gy zaltnsn) [[qu,(n"g\z") [fngg ” ’

where the outer expectation with respect to q,(z,|u,, s,) is estimated
with Monte Carlo samples, while the inner expectation is computed
analytically over the transcriptional states K ,,.

RNA velocity. The velocity of a particular gene in a particular cell is
similarly a function of the variational posterior. Recall that the veloc-
ity iscomputed as

ds® (¢, k)

V&R k) = @

= Bet® (t®, k) - yg8© (0, k).
k)

Thus, we can compute samples of a posterior predictive velocity dis-
tribution via the following process

1. Samplez,from q,(z,|u,,s,).
2. Computeg, . ., [,,(g) (tf!’;ng{ k"g)] for each gene.

This provides samples from a distribution over the velocity for
every gene-cell pair, which we then use in downstream tasks.

Intrinsic uncertainty. Let 7, be the posterior predictive velocity mean
fromthe procedure above. The intrinsic uncertainty is then computed
as Varg, w, u, s, [€(Wn: Un)lwhere c denotes the cosine similarity. In effect,
denoteby (v} the set of L velocity vector samples of cell n from the
variational posterior. Then we have:

. 2

2o 1 i( oY -0, _1s W ., )
2= (i nOn )
L=1g\nolmo.n LA no? o,

(30)

In this manuscript, we use L =100 samples.

Extrinsic uncertainty. Let T(v,., S;.») be afunction that maps the veloc-
ity vectors and spliced abundances of the entire dataset (with n cells)
to a cell-cell transition matrix computed as described previously™.
Namely, this function compares the similarity of the displacement §;
of nearest neighbors s;and s; (defined using s,,») to the velocity of cell
i,v; viathe cosine similarity

T

By @1)
Il 65 NI o |l

cos(6;,v;) =

as the basis for computing transition probabilities between pairs
of cells.

Following the construction of T(v,., S.y) for one sample of velocity,

the predicted future cell state is computed by the matrix multiplica-

tion T(vy.y, S14)S, where S is the cells by genes matrix of spliced RNA

abundances. These predicted future cell state vectors (over samples
of velocity) then undergo the same variance computation procedure
as described for the intrinsic uncertainty (namely, variance of the
cosine similarity).

Time-dependent transcriptionrate
To highlight veloVI's extensibility with respect to model choice, we
consider the time-dependent transcription rate

a — (o —agle™,  ke{l,2},

0, k €{3,4},

a®(r) = (32)

with parameters ay, a;, 4, € R*and kindicating the transcriptional state.
The system of differential equations describing the process of splicing
stays otherwise unchanged and s, thus, given by

i = a®@) - Bu

(33)
$=Pu-—ys.
Consequently, itis of the general form
X =Ax+g(0), (34)

with dependent variable x, system matrix A, inhomogeneity g(¢) and
solution

t
x(t) = xoeA(t—to) + eAt/ e‘ASg(s)ds.
£

0

(35)

As the abundance of unspliced mRNA is modeled independently
of its spliced counterpart, its solution of equation (33) can be found
directly. Comparing equation (33) with equations (34) and (35), we
find thatx=u, A=- B, g(t) =a® (). Consequently, the abundance of
unspliced mRNA at time tis given by

t t
u(®) = uPe P + aVett / ePsds — ((xik) - ag‘))e‘ﬂf f ebse1sds
tg() t(ok)

0}

(
— B ppr0 | @ —pr®
—uoe’”+;(1—el‘ )

®_ 0
I A PG (e‘ ADw e_ﬁ,(k)>

B-A ’
(36)

with state-dependent nitial time ¢, 7® = ¢ — (% and ul® = u(l).

Similarly, this allows solving for s(¢), withx =s,4 = -y, g(¢) = Bu(t).
Applying solution formula (35), the abundance of spliced mRNA at
timetis given by

t
s(6) = sPer® e / e Bu(e)dt'
(k)

)

aik)_[;ugk) (e_yr(k) _ e_ﬂr(k)

(k)
K) oyt | Y —yr®
=5,€ + L (1-e7")+
0 y ( ) y-B

(37)
e~
-1

+ B -a) A9 (e_ﬁ,(k) B e_},r(k)),
(B-2P)-p

_ Aik)t(ok) (e_ NONCEE e_yr(k))

These new functions can be used as the mean in the veloVI likeli-
hood, thus allowing optimization in a similar manner as described
previously, with the addition of the new parameters a, a;, 1, € R*.

Data preprocessing
All datasets were pre-processed following the same steps. Genes
with fewer than 20 unspliced or spliced counts were removed.
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Transcriptomic counts of each cell were normalized by their median,
pre-filtered library size and the 2,000 most highly variable genes
selectedbased on dispersion. The aforementioned steps are performed
usingscVelo's"filter and normalize function.

Following gene filtering and count normalization, the first 30
principal components were calculated and a nearest neighbor graph
with k=30 neighbors was constructed. In a final step, counts were
smoothed by the mean expression across their neighbors to com-
pute final RNA abundances. These steps were performed by scVelo’s
moments function.

To estimate RNA velocity, the preprocessed unspliced and spliced
abundances were (gene-wise) min—-max scaled to the unitinterval. Fol-
lowing, the steady-state model was applied to the entire dataset. Genes
for which the estimated steady-state ratio and R’ statistic are positive
were considered for further analysis. If not stated otherwise, this subset
of genes was used for parameter inference of veloVland the EM model.

All datasets used, with the exception of the PBMC dataset, were
obtained with spliced and unspliced RNA quantification and details
canbe obtained fromthe original publication (Supplementary Table1).
Inthe case of the PBMC dataset, we quantified RNA abundances using
the kallisto bustools RNA velocity workflow?®, using an index and
defaults as described in the tutorial on the software’s website and
automatically annotated via totalVI*® using the Seurat v.3 CITE-seq
PBMC dataset*° as areference.

Benchmarking against EM and steady-state models

VeloVI was benchmarked against the EM and steady-state model by
first comparing the accuracy of inferred parameters on simulated data.
For each number of observations (1,000, 2,000, 3,000, 4,000 and
5,000), we simulated ten datasets of unspliced and spliced counts with
1,000 kinetic parameter tuples (transcription rate a,, splicing rate §,,
degradationratey,) followingamultivariate log-normal distribution.
Latent time is Poisson distributed with a maximum of 20 h with the
switch from induction to transcription, ¢, taking place after 2-10 h.
The simulations were performed using the simulation function as
implementedin scVelo" withnoise level=0.8.

As an additional validation, we inferred kinetic rates for the pan-
creas data usingboth veloVland the EM model. Following, werandomly
sampled overall 2,000 estimated parameter tuples (transcription rate
a,, splicing rate B, degradation rate y,, switch time ¢) from the union
ofthe parameters estimated by either algorithm and simulated splicing
kinetics withnoise level=1.Asthe data are simulated and rate
parameters and time are known, the ground truth velocities are defined
as well. For each model, the Spearman correlations between ground
truth and inferred latent time were compared. We used the Spearman
correlation asitis an order statistic. Contrastingly, in the case of veloc-
ity estimates, we relied on Pearson correlation.

To compare the runtimes of veloVl and EM model were run on
random subsets a mouse retina dataset' containing 1,000, 3,000,
5,000,7,500,10,000,15,000 and 20,000 cells. The EM model wasrun
onanIntel(R) Corei9-10900K CPU @ 3.70GHz CPU using eight cores.
VeloVIwas run on an Nvidia RTX3090 GPU.

Inthe case of real-world data, for each gene, we compared the MSE
betweenthe observed abundance and the model-predicted abundance.
We did this for each of the veloVlI and EM models and separately for
spliced and unspliced abundances. Theresultis the MSE per gene, per
method and per species. In the case of the EM model, the abundance
predictionis directly a function of the rates, time and transcriptional
state and in the case of veloV], this is the posterior predictive mean.
Additionally, for each gene, velocity estimates from the veloViand EM
models were compared through Pearson correlation.

In addition to the MSE, the model-specific velocity consistency”
was also compared. The velocity consistency ¢ quantifies the mean
Pearson correlation of the velocity v(x;) of a reference cell x; with the
velocities of its neighbors N (x;) inaKNN graph.

1

1
C=} Z

XEN(x)

corr (V(x;), v(x))

To calculate the consistency, werely onscVelo’svelocity con-
fidencefunction. This evaluation metric makes the assumption that
betterlocal consistency is inherently good, reflecting smooth changes
in velocity over the phenotypic manifold. We note that this is a heu-
ristic evaluation and the validity of this metric can be affected by, for
example, low density of similar cell states, misspecification of the KNN
graph due to only considering spliced RNA, etc.

If a ‘ground truth’ cellular ordering, for example, a cell-cycle
score™?, is given, we can make use of this source of information to
estimate ‘ground truth’ velocities v via finite differences. We estimated
this heuristic by first taking the median per gene of the first-order
moment smoothed, spliced RNA abundance of all cells at a given
cell-cycle position p, which we denote by 5. Then, assuming the p;are
ordered (p, < p,.,), v is defined as

70 o 5D _ 50 (38)

Finally, we compared the sign of all ground truth velocities with
their inferred counterparts of veloVl and the EM model (which are
aggregated per position in the same way) by computing the sign
accuracy per gene. The sign accuracy, which is the fraction of times
that the signs agree, accounts for positive velocity, negative veloc-
ity and zero velocity. As a baseline, we included a random predictor
that chose positive, negative or zero velocity with equal probabil-
ity. The scEU-seq cell-cycle data (RPE1-FUCCI cells)* included, on
average, 9.63 (s.d. 7.01) observations per cell cycle position and the
U20S-FUCCI" dataset provided 1.15 (s.d. 0.36) observations per cell
cycle position. In the case of the U20S-FUCCI dataset, the ground
truth ordering was derived by the original authors using a polar
regression on the scatter-plot of the two FUCCI protein markers.
In the case of the RPE1-FUCCI cells, the ground-truth ordering was
derived by the original authors using a pseudotime method on the
FUCCI protein marker values.

As an additional validation, for each gene, we fitted a GAM to
the inferred velocities of the two models versus the cell-cycle score.
Similarly toref.13, we transformed the cell-cycle score in each dataset
to/=[0, 2mr]. To take the periodic nature of the cell cycle into account,
we fitted the GAM per gene using spliced RNA abundance s, as the
response and the score as the variable, where the cell-cycle score was
transformed to the range [/ - 2m, I, 2rt]. For each gene, a GAM with a
univariate spline term for the triple of (shifted) cell-cycle positions
was fitted. For each feature, 20 splines of degree three were used. For
each gene, wereported the R score.

Stability analysis across quantification algorithms

Toassess the robustness of estimation using different means of quanti-
fying unspliced and spliced reads, we relied on previously preprocessed
and published data**. The collection contains outputs of variants of
the alevin®, kallisto/bustools* velocyto®, dropEST* and starsolo™
pipelines. For details of how the data were generated, we refer to the
original work®*.

To compare estimation across quantification algorithms, we first
defined a reference set of genes for which to calculate RNA velocity.
The set of reference genes was defined as the set of genes kept by pre-
processing the data of one quantification method. In the case of the
dentate gyrus data, starsolo was chosen for the quantification method,
for all others velocyto. Data were pre-processed according to our
described pre-processing pipeline. Counts from all other quantifica-
tionapproaches the same pre-processing steps were followed, except
for gene filtering. To prevent the reference genes from being filtered
out, they are passedtothe filter and normalizefunctionviathe
argumentretain genes.
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Velocities were estimated for the steady-state model, EM model
and veloVI. The velocities of the first two models were quantified
using the function velocity withmode="deterministic’ and
mode="dynamics’,respectively,implemented inscVelo". For veloVl,
model parameters were inferred using default parameters and mean
velocities estimated from 25 samples drawn from the posterior.

To compare estimates across quantification algorithms, for
each model, cell and pair of quantification algorithms, the Pearson
correlation between the paired velocity estimates, was calculated.
For each model, the correlation scores were aggregated by tak-
ing the mean over cells for one quantification algorithm pair to
assess robustness. The distribution of this mean correlation over
all quantification algorithm pairs is used for visualization in Fig. 4
and Extended Data Fig. 2.

Analysis with uncertainty quantification and velocity
coherence

We used extrapolated future states Ts, of a cell to evaluate if inferred
velocities are coherent. The velocity v, of agiven cell nis coherent if it
pointsinthesamedirection as the empirical displacement §,=Ts, - S
Directionality is compared by calculating the Hadamard product §,.v,.
In case both vectors point in the same direction for a given cell, the
resulting entry will be positive and negative otherwise. To aggregate
the score wereportits mean per gene and cell type.

To benchmark the uncertainty quantification, we started with
the pancreas dataset and added one of three kinds of perturbations
at various strengths. After applying each perturbation, we ran the
standard veloVI pipeline and recorded the uncertainty metrics.
The first perturbation consisted of downsampling the cells to X% of
their original library size (thus removing (1 - X)% of their transcripts;
and for unspliced and spliced separately). This was achieved with
scanpy.pp.downsample counts. The second perturbation con-
sisted of binomial thinning of the unspliced counts with probability P
(unspliced=np.random.binomial (unspliced, 1-P)).Thefinal
perturbation was multiplicative random noise. To each spliced and
unspliced abundance value (this time after library size normaliza-
tion) we multiplied the value with lognormally distributed noise (np .
exp (np.random.normal (0, scale))).Acrossall perturbationswe
used a common gene set that was derived from the standard veloVI
pipeline; this ensures that the uncertainty values are comparable as
they incorporate information across all genes.

Permutation scoring

To quantify how robust the inferred dynamics are with respect to
random permutations in the input data, we define a gene- and
cell-type-specific permutation effect, which is then aggregated to
a gene-specific permutation score (Extended Data Fig. 6). For this
analysis, we considered all highly variable genes and did not filter our
genes based on estimates of the steady-state model.

To calculate the score, the unspliced and spliced abundances
belonging to one (cell type, gene) pair are independently permuted
(cell barcodes are shuffled independently per unspliced/spliced).
Repeating over all pairs, this results in a permuted data matrix. We
then estimate the model fit of the unspliced and spliced abundance
for permuted data matrix (the posterior predictive mean, Supple-
mentary Methods). Note that because veloVI can handle held-out
data, computing the model fit of permuted data does not require
any additional training. Finally, for each (cell type and gene) pair we
compute u, and p1,, which denote the mean absolute error between
the model fit abundances and the observed abundances (spliced and
unspliced errors added together) for the permuted and original data
matrices, respectively.

To quantify the extent to which the mean absolute errors of the
two samples are not equal, we define the permutation effect as the
t-test statistic

with number of cells n and pooled variance S? of the absolute errors.
To limit the effect of dataset size, we consider the maximum sample
size of n=200 observations. The permutation score is aggregated
on a gene level by considering the maximum test statistic across cell
types. This aggregation allows comparing the permutation score across
different datasets.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The processed pancreas data, including spliced and unspliced count
abundances, canbe downloaded fromscVelo’s GitHub (https://github.
com/theislab/scvelo_notebooks/raw/master/data/Pancreas/endocrin-
ogenesis_dayl5.h5ad). The forebrain and dentate gyrus datasets canbe
downloaded from the Kharchenko laboratory at Harvard (forebrain,
http://pklab.med.harvard.edu/velocyto/DG1/10X43 1.loom and den-
tategyrus, http://pklab.med.harvard.edu/velocyto/hgForebrainGlut/
hgForebrainGlut.loom). The Friedrich Miescher Institute for Biomedi-
cal Research (https://www.fmi.ch/groups/gbioinfo/RNAVeloQuant/
RNAVeloQuant.html) provides the processed data of the dentate gyrus,
mouse brain, pancreas, prefrontal cortex and spermatogenesis. The
mouse retina and PBMC data are available for download via figshare
(https://figshare.com/projects/veloVI_datasets/145476).

Code availability

veloVlisimplementedinastandalone package at https://github.com/
YosefLab/velovi, which has also been deposited via Zenodo (https://
doi.org/10.5281/zenodo.7897641) (ref. 52). Code to reproduce the
results in the manuscript can be found at https://github.com/YosefLab/
velovi_reproducibility, as well as deposited via Zenodo (https://doi.
org/10.5281/zenod0.7931042) (ref. 53).

References

44. Li, T, Shi, J., Wu, Y. & Zhou, P. On the mathematics of RNA velocity
i: theoretical analysis. CSIAM Trans. Appl. Math. 2, 1-55 (2021).

45. Blei, D. M., Kucukelbir, A. & McAuliffe, J. D. Variational inference: a
review for statisticians. J. Am. Stat. Assoc. 112, 859-877 (2017).

46. Kingma, D. P. & Ba, J. L. Adam: A method for stochastic
optimization. Preprint at arXiv https://doi.org/10.48550/
arXiv.1412.6980 (2017).

47. Paszke, A. et al. Automatic differentiation in PyTorch. in NIPS
Workshop Autodiff (2017).

48. Gayoso, A. et al. Joint probabilistic modeling of single-cell
multi-omic data with totalvi. Nat. Methods https://doi.org/10.1038/
$41592-020-01050-x (2021).

49. 10x Genomics. 10k PBMCs from a healthy donor, single cell gene
expression dataset by CellRanger 6.1.0 (2021).

50. Stuart, T. et al. Comprehensive integration of single-cell data. Cell
177,1888-1902 (2019).

51. Dobin, A. et al. STAR: Ultrafast universal RNA-seq aligner.
Bioinformatics https://doi.org/10.1093/bioinformatics/bts635
(2013).

52. Gayoso, A. & Weiler, P. Yoseflab/velovi: velovi 0.2.1 https://doi.org/
10.5281/zenodo.7897641 (2023).

53. Gayoso, A., Weiler, P. & Hong, J. YosefLab/velovi_reproducibility:
velovi reproducibility 1.0 https://doi.org/10.5281/zenodo.7931042
(2023).

54. Melsted, P., Ntranos, V. & Pachter, L. The barcode, UMI, set format
and BUStools. Bioinformatics 35, 4472-4473 (2019).

Nature Methods


http://www.nature.com/naturemethods
https://github.com/theislab/scvelo_notebooks/raw/master/data/Pancreas/endocrinogenesis_day15.h5ad
https://github.com/theislab/scvelo_notebooks/raw/master/data/Pancreas/endocrinogenesis_day15.h5ad
https://github.com/theislab/scvelo_notebooks/raw/master/data/Pancreas/endocrinogenesis_day15.h5ad
http://pklab.med.harvard.edu/velocyto/DG1/10X43_1.loom
http://pklab.med.harvard.edu/velocyto/hgForebrainGlut/hgForebrainGlut.loom
http://pklab.med.harvard.edu/velocyto/hgForebrainGlut/hgForebrainGlut.loom
https://www.fmi.ch/groups/gbioinfo/RNAVeloQuant/RNAVeloQuant.html
https://www.fmi.ch/groups/gbioinfo/RNAVeloQuant/RNAVeloQuant.html
https://figshare.com/projects/veloVI_datasets/145476
https://github.com/YosefLab/velovi
https://github.com/YosefLab/velovi
https://doi.org/10.5281/zenodo.7897641
https://doi.org/10.5281/zenodo.7897641
https://github.com/YosefLab/velovi_reproducibility
https://github.com/YosefLab/velovi_reproducibility
https://doi.org/10.5281/zenodo.7931042
https://doi.org/10.5281/zenodo.7931042
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1038/s41592-020-01050-x
https://doi.org/10.1038/s41592-020-01050-x
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.5281/zenodo.7897641
https://doi.org/10.5281/zenodo.7897641
https://doi.org/10.5281/zenodo.7931042

Article

https://doi.org/10.1038/s41592-023-01994-w

Acknowledgements

We thank R. Lopez and M. Jones for feedback on the concepts

and benchmarking of veloVI. We acknowledge members of the
Streets, Theis and Yosef laboratories for general feedback. A.S.

is a Chan Zuckerberg Biohub investigator. A.G. and N.Y. were
supported by the Chan Zuckerberg Initiative Essential Open Source
Software Cycle 4 grant (EOSS4-0000000121) for scvi-tools. M.L.
acknowledges financial support from the Joachim Herz Stiftung via
Add-on Fellowships for Interdisciplinary Life Science. A.S. is a Chan
Zuckerberg Biohub investigator and is supported by the National
Institute of General Medical Sciences of the National Institutes of
Health under award number R35GM124916. F.JT. acknowledges
support by the BMBF (grant nos. 011S18036B and 011S18053A) and by
the Helmholtz Associations Initiative and Networking Fund through
Helmholtz Al (grant no. ZT-I-PF-5-01).

Author contributions

A.G. and PW. contributed equally. A.G., PW. and M.L. conceptualized
the study. A.G. conceptualized the statistical model with contributions
from M.L. and PW. A.G. designed and implemented veloVI with
contributions from PW., J.H. and M.L. PW. designed and implemented
modeling extensions. D.K. designed and implemented model
uncertainty analyses with contributions from A.G., PW. and M.L.

A.G., PW. and J.H. designed and implemented analysis methods with
contributions from M.L. A.S., F.JT. and N.Y. supervised the work. A.G.,
PW., M.L., F.JT. and N.Y. wrote the manuscript.

Competinginterests

M.L. consults for Santa Ana Bio, is a part-time employee at Relation
Therapeutics and owns interests in Relation Therapeutics. F.JT.
consults for Immunai, Singularity Bio, CytoReason and Omniscope
and has ownership interest in Dermagnostix and Cellarity. N.Y. is an
advisor and/or has equity in Cellarity, Celsius Therapeutics and Rheos
Medicine. The remaining authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41592-023-01994-w.

Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41592-023-01994-w.

Correspondence and requests for materials should be addressed to
Fabian J. Theis or Nir Yosef.

Peer review information Nature Methods thanks Jianhua Xing and the
other, anonymous, reviewer(s) for their contribution to the peer review
of this work. Primary Handling editor: Lin Tang, in collaboration with
the Nature Methods team. Peer reviewer reports are available.

Reprints and permissions information is available at
www.nature.com/reprints.

Nature Methods


http://www.nature.com/naturemethods
https://doi.org/10.1038/s41592-023-01994-w
https://doi.org/10.1038/s41592-023-01994-w
http://www.nature.com/reprints

//doi.org/10.1038/s41592-023-01994-w

https

Article

Pancreas

Forebrain

Hippocampus

1€04
0€2d
620d|
8204
1204
920d}
s20d|
$20d|
£20d|
z20d|
1204
0224
610d
810d
£12d
912d
ST0d
+12d
€12d
210d
110d
012d
62d
82d
£2d
92d
S2d
¥2d

0.12

0.10
0.08
0.06
0.04
0.02

0€24
6204
8204
1204
9224
5204
v22d
€204
2204
1224}
022d|
610d|
810
£12d|
91|
STOd|
#10d|
€10d|
Z10d|
1104
012d
62d
82d
£2d
92d
$2d
$2d

2d

15 20 25

Ranking

10

30

15 20
Ranking

10

0.1754

0.150 4
0.125 4
0.100 4
0.075 4
0.050 4
0.025 4

30

10

0.200

0.175
0.150
0.125
0.100
0.075
0.050
0.025

oljel eoueLEA

Ranking

Retina

PBMC

0€2d
6204
822d
1204
92044
szod
v20d
£20d|
zz0d|
12|
020d
610d|
810d|
L12d|
9124
STd
$10d
€10d
210d
110d
012d
62d
82d
£2d
92d
$2d
¥2d

€2d

0.14
0.12
0.10
0.08
0.06
0.04

0.02

0e24
6204
8204
JRa
9204
szod
v22d)
£20d
2204
120d)
0z2d
6104
81|
L1204
912d|
S1d|
P14
€104|
Z10d|
1104
012d
62d
82d
£2d
92d
S2d
v2d
€2d
2od

0.25

o n =}
N bl ~
S} o o

olje.l eouBLIBA

0.05

30

25

10

20 25 30

15

Ranking
Extended Data Fig.1| Low-rank structure of latent time. PCA variance ratio of gene-cell specific latent time as inferred by the EM model.

Ranking

Nature Methods


http://www.nature.com/naturemethods

Article

https://doi.org/10.1038/s41592-023-01994-w

Pearson correlation 7

W

Extended DataFig. 2| Preprocessing stability of inference methods.
Correlation of velocities derived from pairs of quantification algorithms and from
velocities estimating using one of veloVI (VI), the EM (EM), and steady-state model
(SS) on datasets of prefrontal cortex (PFC) (left, N=78 pairs of quantification
methods), 21-22 months old mouse brains (middle, N=78 pairs of quantification
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methods), and hippocampus (right, N=55 pairs of quantification methods).
Unspliced and spliced counts are quantified with different algorithms*¢="*,
Velocities are estimated by veloVI (VI, blue), the EM model (EM, orange), and
the steady-state model (SS, green). Box plots indicate the median (center line),
interquartile range (hinges), and whiskers at 1.5x interquartile range.

Nature Methods


http://www.nature.com/naturemethods

Article

https://doi.org/10.1038/s41592-023-01994-w
Rbfox3 Sulf2 Igfbpl1 Cbfa2t3
o) - - -
D @ @ @
L L Q Q0
o o a o
) ) ) )
(=] (= (= [y
o] ) ) )
Spliced

Spliced Spliced Spliced

Ductal Ngn3 high EP [ Pre-endocrine [lAlpha Beta [MDelta Epsilon
Extended Data Fig. 3| Phase portraits in pancreas endocrinogenesis. Phase portraits of Rbfox3, Sulf2, Igfbpll, and Cbfa2t3. Each cell is colored by its cell type.

Nature Methods


http://www.nature.com/naturemethods

Article

https://doi.org/10.1038/s41592-023-01994-w

Percent UMI library removed via downsampling

Sulf2
0% 25%
4
Intrinsic uncertainty Extrinsic uncertainty
e}
s 0.0
g -2.75
2 > >
. £ £-25
30 £ -3.00 £
by £ £
5 ' > S 8 5.0
759 _5.
‘ 50% 5% 5 -3.25 5
=75
3 -3.50
= 0 025 05 0.5 0 025 05 075
g Fraction downsampled Fraction downsampled
Spliced Spliced
b , . .
Unspliced thinning probability
‘ 0.0 Fam135a 05
§ Intrinsic uncertainty Extrinsic uncertainty
. 0.0
5 -2.75
g £-25
> , £-3.00 £
3 8-5.0
‘ 0.9 0.98 o 2->.
S5 —-3.25 =]
-7.5
§ —3.50
5 400 800 400 800
2 Number of genes Number of genes
=)
o 0.5 0.9 70.98 o 0.5 J0.9 [£70.98
Spliced . Spliced
C
Multiplicative noise scale
Sulf2
0.5
4
§ Intrinsic uncertainty Extrinsic uncertainty
‘s | | ,
| NIEER
E E‘ -2.5
s ol A g
P g \V ! 8 -5.0 !
c c
5 5 V w
-7.5 ’
B -3.5{ i |
Qo
) 01 05 1.0 15 01 05 1.0 15
c " .
=} Noise scale Noise scale
Spliced Spliced
Ductal Ngn3 high EP [ Pre-endocrine  [lAlpha Beta [MDelta Epsilon

Extended Data Fig. 4 | Effect of data perturbation on uncertainty. a. The effect
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colored by cell type, intrinsic uncertainty per cell (middle, N=3696 cells), and
extrinsic uncertainty per cell (right, N=3696 cells). b. The effect of unobserved
unspliced reads (dropout probability 0.0, 0.5, 0.9, 0.98) in 400 and 800 genes on
phase portraits of Fami35a (left), intrinsic uncertainty per cell (middle, N=3696

cells), and extrinsic uncertainty per cell (right, N=3696 cells). c. The effect of
multiplicative noise (scale 0.1,0.5,1.0, 1.5) on phase portraits of Sulf2 (left),
intrinsic uncertainty per cell (middle, N=3696 cells), and extrinsic uncertainty
per cell (right, N=3696 cells). Box plots indicate the median (center line), and
interquartile range (hinges).
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