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In brief

RegVelo introduces an end-to-end
generative framework that jointly infers
gene regulatory networks and
developmental dynamics. It serves as an
actionable in silico “cell,” enabling
researchers to simulate regulatory
perturbations and generate testable
hypotheses about the mechanisms
underlying cell fate decisions.
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SUMMARY

Cell fate transitions are driven by regulatory circuitry, yet RNA velocity models cellular dynamics without
explicitly accounting for gene regulatory interactions, limiting mechanistic insight. Conversely, gene regula-
tory network (GRN) inference methods largely neglect the dynamic nature of biological systems. To over-
come this conceptual disconnect, we present RegVelo, a bottom-up, actionable, and interpretable deep
learning framework that jointly models splicing kinetics and gene regulatory interactions. Across diverse bio-
logical systems, RegVelo provides reliable predictive power for terminal states, gene interactions, and pertur-
bation simulations. By applying RegVelo to zebrafish neural crest development using full-length Smart-seq3
and shared gene expression and chromatin accessibility measurements, we delineate regulatory programs
underlying fate specification. Guided by in silico perturbations and validated by CRISPR-Cas9 knockout and
single-cell Perturb-seq, we establish tfec as an early driver and elf1 as a regulator of pigment cell fate.
RegVelo establishes a quantitative framework for bridging gene regulation and cell fate decisions.
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INTRODUCTION Pseudotime’™"" and RNA velocity are the two most widely

used concepts for reconstructing cell trajectories'*: pseudotime

Single-cell assays delineate cell differentiation at a high resolu-
tion." Waddington’s landscape® conceptualizes phenotypic
states as valleys, with branching ridges shaping cell differentia-
tion. However, constructing models that jointly capture gene
regulatory networks (GRNs) and cellular dynamics along this
landscape remains a major challenge in computational single-
cell biology. Such models are essential for mechanistic insight
and for predicting dynamic effects of gene knockouts in silico
to guide experiments and uncover previously uncharacterized
biological findings. Current methods either infer developmental
trajectories without modeling gene regulatory relationships®®
or they infer GRNs but omit cell dynamics.

orders cells along differentiation paths but requires a predefined
root and lacks kinetic information to simulate cellular dynamics;
RNA velocity attempts to overcome these limitations via a mech-
anistic model of spliced mRNA dynamics, enabling estimation of
instantaneous state changes and simulation of cell state transi-
tions.”®"” However, RNA velocity relies on restrictive assump-
tions, including gene independence and constant transcription
rates,'®'* thereby excluding transcriptional regulation underly-
ing cell differentiation.
Advances in single-cell
have introduced numerous methods for inferring GRNSs,
and orthogonal data views, such as single-cell assay for

RNA sequencing (scRNA-seq)
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transposase-accessible chromatin using sequencing (SCATAC-
seq), provide epigenetic priors.>*2® GRNs are commonly used
to quantify gene importance,”®?’ refine cell state'®?* and trajec-
tories,”” or predict effects of in silico gene perturbations.?***:26
However, these approaches typically do not model cellular dy-
namics or connect regulation to dynamics only post hoc.?”
Thus, models that directly link gene regulation to cellular dy-
namics are needed to elucidate how GRNs orchestrate dynamic
cellular processes.

To address this gap, we introduce RegVelo (regulatory veloc-
ity), a method that infers transcriptome-wide splicing dynamics
coupled through gene regulation. RegVelo leverages deep
generative modeling to jointly infer kinetic parameters and
latent time via cell-gene information sharing.'* Building on our
earlier velocity variational inference (veloVl)'* and related
models, 293" RegVelo incorporates a prior GRN-informed neu-
ral network that couples gene dynamics by modeling transcrip-
tion as a regulation- and time-dependent process. The resulting
model is a nonlinear, genome-wide dynamic differential equation
system, parametrizable and learnable at scale, in contrast to the
traditional single-gene closed-form systems. As such, RegVelo
provides a continuous velocity vector field and quantifies the un-
certainty in cellular state changes along the differentiation path,
enabling forward simulations of cell state transitions and regu-
lon-wise in silico perturbations, thereby yielding mechanistic
predictions of how regulatory changes drive cell fate decisions.

When applied to simulated data and cell cycle datasets,
RegVelo’s velocity and latent time inference outperforms
competing methods that employ less faithful models of tran-
scription dynamics.?®*? Across datasets of human hematopoie-
sis and mouse pancreatic endocrinogenesis, RegVelo’s velocity
inference yielded more consistent fate mapping and identifica-
tion of putative driver genes than scVelo'® and veloVl.'
Integrated with CellRank 2’s model-agnostic framework,'’
RegVelo accurately predicts effects of regulatory perturbations
on cell fate decisions and reveals gene regulatory circuits under-
lying lineage-specific events. Applied to zebrafish neural crest
development, RegVelo predicts cell fate priming and key lineage
drivers, identifying tfec as a key early transcriptional driver of
pigment cell formation and uncovering elf1 as a pigment lineage
regulator through in silico perturbation. These predictions were
validated by in vivo perturbation experiments, showing strong
concordance with experimental observations and significantly
improved performance over existing perturbation prediction
models.

RESULTS

Learning gene-regulation-informed cellular dynamics

RegVelo is a Bayesian deep generative model of cellular dy-
namics that takes unspliced and spliced abundances as input
and infers gene- and cell-specific latent time, posterior velocity
distributions, and a GRN representing transcriptional regulation
(STAR Methods). It models dynamics of unspliced and spliced
RNA readouts for each gene in each cell using kinetic and neural
network parameters governing transcription, splicing, degrada-
tion, latent time, and regulatory interactions. By explicitly
modeling regulation of target genes by upstream factors,**
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RegVelo models non-constant, cell-specific transcription rates
and incorporates gene regulatory mechanisms, an essential
aspect of biological processes largely overlooked by existing ve-
locity models. Together with other kinetic parameters, we
thereby define the developmental landscape and align cells
along it.

RegVelo represents the GRN as a weight matrix, parametrized
by a shallow neural network to estimate transcription rates for
each gene in each cell. Each entry of the GRN matrix describes
the effect of a regulator on the transcription of its targets: positive
values describe activation, negative values repression, and zero
entries indicate the absence of a regulatory relationship. During
model training, we update the GRN parameters to infer the tran-
scriptional dynamics of each gene in a data-driven fashion. At
the same time, we constrain the GRN weights by prior knowl-
edge of gene regulation using a penalty function; RegVelo
allows prior information on gene regulation curated from sin-
gle-cell multi-omics experiments®* or public gene regulation da-
tabases.®® GRN inference often faces two challenges: erroneous
a priori GRNs and the need to account for sparsity. Initial GRN
estimates are imperfect due to inference from noisy data or
incomplete understanding of the regulatory mechanisms, and
sparsity is a common assumption in GRN inference®®*® based
on studies of biological systems.®” To address these challenges,
RegVelo refines initial GRN estimates by learning edge weights
or additional potential regulatory interactions, and incorporates
priors in parameter estimation that impose sparsity constraints
either through a sparse prior network or L1-regularizing the Ja-
cobian matrix of the dynamical system to impose smoothness
of dynamics (STAR Methods).

RegVelo incorporates cellular dynamic estimates by first en-
coding unspliced (u) and spliced RNA (s) readouts into posterior
parameters of a low-dimensional latent space—the cell repre-
sentation—with a neural network. An additional neural network
takes samples of this cell representation as input to parameterize
gene-wise latent time, as in our previous model veloVI. We then
model splicing dynamics with ordinary differential equations
(ODEs) specified by a neural network bias b representing base
transcription and GRN weight matrix W, describing transcription
rate a and inferred by a shallow neural network, constant splicing
and degradation rate parameters f and y, respectively, and esti-
mated cell- and gene-specific latent times (Figure 1A; STAR
Methods). Importantly, existing methods for inferring RNA veloc-
ity consider a set of decoupled one-dimensional ODEs for which
analytic solutions exist, but RegVelo relies on a single, high-
dimensional ODE,

dug(t)
at

L)~ puglt) — ry5a(t)

= ag(t) - ﬂgug(t)

that is now coupled through gene
transcription

regulation-informed

ag = h([Ws(t) +b}g),

where g indicates the gene and h is a nonlinear activation func-
tion (STAR Methods). We predict the gene and cell-specific
spliced and unspliced abundances using a parallelizable ODE
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Figure 1. RegVelo models dynamics of cells and their underlying gene regulatory networks jointly

(A) RegVelo encodes the unspliced and spliced abundance of scRNA-seq data into the cell representation through a neural network and feeds the cell repre-
sentation into a decoder neural network, which outputs a cell-gene-specific latent time. Simultaneously, a prior gene regulatory graph curated from orthogonal
data sources, such as ATAC-seq, multiome measurements, or databases, guides a transcription predictor neural network. During training, this network refines
and learns gene regulatory relationships, encoding each cell’s (1) and gene’s (g) transcription rate (asg). Combined with the additionally estimated splicing and
degradation rates # and y, respectively, the model defines coupled gene dynamics and employs a parallel, high-dimensional ODE solver to estimate and predict
dynamic gene expression. The model uses stochastic variational inference®® to optimize all network and kinetic parameters simultaneously.

(B) As a Bayesian generative model, the variational inference formulation quantifies the uncertainty of velocity estimation'* (top), and coupling gene dynamics with
gene regulation allows us to characterize the underlying gene regulatory network (GRN) of the phenotypic space (bottom).

(C) UMAP representation of a cell cycle dataset of 1,146 U20S-FUCCI cells,*® colored by the FUCCI-derived cell-cycle score; the black arrow indicates the
ground-truth transition direction.

(D) The UMAP representation colored by the RegVelo-inferred latent time and overlaid with the corresponding velocity stream and inference metrics (left; CBC,
cross-boundary correctness; conf, confidence; corr, correlation). We indicate the top two regulators (orange dots) and cell cycle-related genes (red arrows) in the
fitted GRN (right).

(legend continued on next page)
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solver, as this system does not possess an analytic solution;
compared with previous approaches, we solve all gene dy-
namics at once instead of sequentially for each gene indepen-
dently of all others. The forward simulation of the ODE solver al-
lows computing the likelihood function encompassing all neural
network and kinetic parameters (Figure 1A). We assume that the
predicted spliced and unspliced abundances are the expected
value of the Gaussian likelihood of the observed dataset and
use gradient-based optimization to update all parameters
(STAR Methods). After optimization, we define cell-gene-spe-
cific velocities as splicing velocities based on the estimated
splicing and degradation rates and predicted spliced and un-
spliced abundance. Overall, RegVelo allows sampling predicted
readouts and velocities from the learned posterior distribution.

RegVelo outputs parameter estimates including the inferred
GRN, latent time, and the posterior velocity distribution, allowing
us to quantify intrinsic and extrinsic cell uncertainty (Figure 1B):
intrinsic uncertainty captures cell state change uncertainty along
the phenotypic manifold approximated by the first-order direc-
tion, while extrinsic uncertainty reflects uncertainty in future
cell states.'* RegVelo generalizes our previous model veloVI by
explicitly incorporating a GRN, thereby offering a more realistic
model of Waddington’s epigenetic landscape (Figure 1B).
As such, RegVelo models the dynamics of a system of gene reg-
ulatory interactions that impose constraints and drive cell devel-
opment, rather than modeling gene splicing in isolation'®
or mapping cells across different time points via expression sim-
ilarity.*® Moreover, using different gene regulatory systems,
RegVelo can generate velocity samples from the respective pos-
terior distributions. By comparing velocity vector fields of per-
turbed regulatory systems, RegVelo directly links gene regula-
tion to cellular dynamics.

Benchmarking dynamic inference across contexts of
varying lineage complexity

Inference of transcriptional dynamics is a challenging task and
difficult to evaluate, as ground truth kinetic rates and state
changes usually do not exist at scale. We first evaluated model
performance on a six-gene simulated GRN comprising three tog-
gle switches in a symmetrical hierarchy, previously used to
model cell fate decisions during differentiation (Figure S1A). To
benchmark the RegVelo model, veloVl, scVelo’s EM model,
and other GRN inference methods, we compared velocity, latent
time, and GRN inference using correlation between estimates
and ground truth, and the area under the receiver operating char-
acteristic (AUROC) (STAR Methods). RegVelo showed improved
performance compared with competing methods (two-sided
Welch’s t test, p <0.001) (Figures S1B-S1D).

To generate a more realistic system, we employed the dyn-
gen”' framework that improves GRN simulation by incorporating
protein modalities for a more complete representation of gene
expression dynamics.

Cell

We first used two synthetic datasets with differing numbers
of lineages to examine model behavior and robustness
(Figure S1E). RegVelo includes the regularization parameters A1
and A, to balance the influence of the prior GRN and sparsity
of the learned GRN (STAR Methods). To assess their effect, we
evaluated GRN inference across different levels of corrupted
prior GRNs and regularization strengths (STAR Methods). For
A1 <1, RegVelo maintained consistent GRN prediction perfor-
mance based on the AUROC metric, regardless of corruption
levels (Figure S1F, right). Conversely, the model became more
sensitive to the prior GRN for 11 = 10 (Figure S1F). To balance
the influence of the prior and inference robustness, we set
A1 =1 by default. The effect of 1, was less pronounced,
with  GRN inference remaining generally stable for 1,<1,
though optimal values may vary across datasets (Figure S1G).
Consequently, we set 1, =0 by default. Using these
defaults, RegVelo maintained consistent identifiability and per-
formance in GRN, velocity, and latent time inference when eval-
uated against simulated ground truth, indicating robustness
across the tested range of prior GRN corruption (Figures STH
and S1l).

We further benchmarked RegVelo for GRN inference
using mouse hematopoietic stem and progenitor cell
(mHSPC) data.*>*® RegVelo achieved performance comparable
with other methods, with TFvelo and CellOracle maintaining
modest advantages in AUROC (by a 6.6% margin) and early pre-
cision rate (by a 5.4% margin), respectively (STAR Methods;
Figure S1J). To further calibrate GRN inference, we extended
our uncertainty measure, originally developed for velocity, to
each GRN edge. Examination of these uncertainty estimates
on both simulation datasets shows true edges exhibit signifi-
cantly lower uncertainty values than false edges (p<1x 110
(Figure S1K). This indicates that the uncertainty estimates may
reflect the confidence of the model in its predicted interactions.
To assess whether the uncertainty estimates indicate prediction
confidence in real data, we binned RegVelo-predicted interac-
tions in the mHSPC dataset according to their uncertainty values
and computed prediction accuracy within each bin. As ex-
pected, both area under the precision-recall curve (AUPRC)
and AUROC decreased with increasing uncertainty, suggesting
that the uncertainty estimates are indicative of prediction reli-
ability (Figure S1L).

To test RegVelo’s robustness across lineage complexity, we
generated datasets with 1, 3, 7, and 9 terminal states
(Figure S2A) and evaluated model performance in terms of veloc-
ity and GRN prediction. Velocity predictions between RegVelo
and competing methods were comparable at low complexity
(single lineage), but significantly better for RegVelo at high
complexity (multiple lineages; p <0.001). RegVelo generally out-
performed scVelo and veloVI for time inference, and achieved
comparable or higher AUROC scores than TFvelo and other

(E) Conceptualization of five metrics to evaluate RegVelo's inferred velocities, latent time, and GRN: the CBC quantifies how accurately inferred velocities
recapitulate known cell state transitions, velocity consistency evaluates the coherence of velocities within neighboring cells, the latent time analysis assesses how
well inferred latent times align with the ground truth, and comparing predicted gene regulatory edges to known relationships evaluates the GRN inference (TF,

transcription factors; GEX, gene expression) (STAR Methods).
See also Figures S1, S2, and S3.
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methods for GRN levels
(Figure S2B).

We further validated RegVelo’s inference robustness and con-
sistency using the mouse neural crest dataset, in which we
defined four complexity scales (Figure S2C; STAR Methods).
As ground-truth velocities and times were unavailable, we
used CellRank to quantify how faithfully methods (1) identified
the known terminal states via the terminal state identification
(TSIl) score and (2) recapitulated ground-truth state transitions
via cross-boundary correctness (CBC) (STAR Methods).
RegVelo identified all terminal states except at the highest
complexity (Figure S2D) and significantly outperformed scVelo
and veloVl (p<0.001) in TSI across all scales. CBC also
improved with complexity relative to other methods
(Figure S2E). Cell fate estimation remained highly consistent
across scales—the resulting high median correlation (mesen-
chyme: 0.96+0.02; sensory neuron 1: 0.94+0.02; sensory
neuron 2: 0.75 + 0.15) showed that cell fate mapping was consis-
tent with increasing complexity (Figure S2F). Additionally,
RegVelo showed significantly higher and less variable cell fate
estimation consistency compared with veloVl (RegVelo:
mean = 0.873, std = 0.137; veloVI: mean = 0.697, std = 0.234)
(Figure S2F).

inference across complexity

Adding regulatory constraints enhances inference of
cell-cycle dynamics

Next, we turned to a cell cycle dataset as a real-world setting in
which we could robustly approximate the correct differentiation
history and direction from fluorescence markers. Fluorescent
ubiquitination-based cell-cycle indicator (FUCCI) U20S cells un-
dergo clear unidirectional transitions during the cell cycle, mov-
ing from the G1 to S to G2M phase, and yield a protein-derived
cell-cycle score as a proximal measure of ground truth time
(Figure 1C).>*° We investigated the inferred GRN next
(Figure 1D; STAR Methods). Importantly, we did not provide a
prior-informed GRN as an initial estimate to RegVelo but used
a fully connected network where each gene interacts with every
other gene, instead—a choice that allowed us to quantify
RegVelo’s ability to infer gene regulation in an unbiased manner.
To preprocess nascent and mature mRNA, we followed our pre-
vious approaches for RNA velocity inference and provided our
generative model with gene expression smoothed by first order
over cellular neighborhoods (STAR Methods).

To evaluate whether RegVelo recovers the overall direction of
the cell cycle, we compared the extrapolated future states of
cells with prior knowledge on state transitions. Additionally, we
confirmed that the inferred velocity field was consistent, which
is desirable given the unidirectional nature of the underlying pro-
cess. Specifically, we relied on the CBC score'”* that quantifies
how faithfully a vector field aligns with known state transitions,
i.e., G110 S, and S to G2M phase in our scenario (Figures 1D,
1E, and S3A). Indeed, RegVelo achieved a comparatively high
score (CBC = 0.864 out of 1), high velocity consistency (0.873
out of 1), and its estimated latent time correlated positively
with the FUCCI score used as ground truth (Spearman correla-
tion = 0.683; possible values between —1 and 1). Turning to
the RegVelo-inferred GRN, we focused on the most central
part of the estimated network, identifying the main regulators
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TGIF1 and ETV1 among the most connected factors, and their
top targets included cell cycle progression-related genes, such
as BUB1," TFDP1,"> and TOP2A“® (Figure 1D; STAR
Methods). To assess whether RegVelo-inferred regulons align
with experimental evidence, we first curated a list of putative
ground truth targets of cell-cycle-related transcription factors
(TFs)*” from the chromatin immunoprecipitation (ChlP)-Atlas
database,*® which integrates large-scale ChIP-seq, ATAC-seq,
and Bisulfite-seq experiments, offering epigenetic insight. Our
method yielded relatively good agreement (ranking first among
the six methods), quantified by edge prediction performance
(median AUROC = 0.59) and the correlation between the pre-
dicted regulation coefficient and the ChIP-Atlas binding score
(Figures 1D and S3G; STAR Methods).

Existing methods for inferring splicing dynamics do not
consider regulatory information, and approaches that estimate
GRNs ignore cellular dynamics. To assess how combining the
two aspects with RegVelo compares to methods focusing on a
single facet, we applied our previous inference schemes veloVI
and scVelo’s EM model, and the GRN inference models
CellOracle,”® GRNBoost,*® and Pearson correlation. Whereas
veloVl and scVelo assume constant rates, recent extensions,
such as the non-constant transcription rate version of veloVl,
UniTVelo,?® VeloVAE,*° TFvelo,*” and cell2fate,®' try to model
transcription as a time-dependent process. We, thus, also
benchmarked against these velocity methods. Overall,
RegVelo performed comparably or better than other velocity
methods in terms of CBC (+1.5% over the top competitor),
alongside general concordance in latent time estimation; among
the methods whose inferred direction matched well with the ex-
pected direction, RegVelo also had a high velocity consistency
score, showing that its velocity vector field aligned more closely
with the ground-truth direction of the cell cycle (Figure S3A). We
observed similar performance gains when applying the same
benchmark to the RPE1 cell line (Figure S3A). Additionally,
RegVelo yielded consistent and relatively more accurate esti-
mates of both latent time and velocity compared with earlier
non-GRN approaches, even after downsampling observed
counts (STAR Methods; Figures S3B-S3E). To further assess
whether proximal cells on the phenotypic manifold have similar
latent times, we calculated the local consistency of inferred
latent time for RegVelo compared with veloVI. RegVelo showed
significantly better local latent time consistency than veloVI (two-
sided Welch’s t test, p <1 x 10~ 1°) (Figure S3F). In terms of GRN
inference, RegVelo outperformed competing approaches on
prediction of both edges and regulation coefficients
(Figure S3G).

As for the improved performance of RegVelo, we next sought
to confirm whether it was mainly driven by incorporating gene
regulation rather than differences in global latent time definition,
transcription rate estimation, or gene expression smoothing. We
systematically ruled out alternative explanations and examined
how alterations to the estimated network affected inferred dy-
namics. First, after re-estimating global cell latent time using
graph-based ordering, RegVelo still showed good consistency
with the FUCCI cell-cycle indicator on both cell lines (STAR
Methods; Figure S3H). Second, RegVelo estimated transcription
rates more accurately than methods, such as CellDancer, which
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Figure 2. Perturbation simulation quantifies genetic regulation effects on cell fate decisions in pancreatic endocrinogenesis

(A) Perturbations are simulated by masking regulons and recalculating velocities. Resulting velocity shifts and CellRank'®'"-derived fate changes quantify local
and global perturbation effects, respectively.

(B) UMAP of 3,696 pancreatic endocrinogenesis cells colored by annotated cell type and the RegVelo-inferred velocity stream (left), and terminal states predicted
by CellRank using RegVelo’s velocities (right).

(C) The number of correctly identified terminal states compared with the number of specified macrostates indicates how faithfully a method recovers known
biology with CellRank; different colors and line styles denote methods. Macrostates, defined by CellRank, are stable phenotypic regions unlikely to leave.'®

(legend continued on next page)
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ignore regulation (one-sided Welch'’s t test: RegVelo versus gene
expression [GEX], p = 6.972x 10~ '%; RegVelo versus
CellDancer,p = 4 x 10~ '3) (STAR Methods; Figure S3l). Finally,
RegVelo provided velocity estimates that are more consistent
than those of veloVI across different neighborhood sizes (STAR
Methods; Figure S3J). After excluding these factors, we as-
sessed the influence of the GRN by predicting splicing dynamics
without any regulatory relationships present. To mimic spurious
gene-gene interactions, we also randomly reconnected genes in
RegVelo’s network (STAR Methods). As expected, both sce-
narios led to a lower CBC score and latent time correlation
(Figure S3K), highlighting that incorporating gene regulation im-
proves cellular dynamic inference.

These results on both simulation and real cell cycle data
demonstrate RegVelo’s ability to infer cellular dynamics and
gene regulation more faithfully than competing methods.

Regulatory-constrained dynamic inference accurately
recovers lineage formation in pancreatic
endocrinogenesis

RegVelo is a generative model that couples cellular dynamics
with regulatory networks. We can, thus, perform in silico coun-
terfactual inference to test the cellular response upon unseen
perturbations of a TF: for a trained RegVelo model, we ignore
regulatory effects of the TF by removing all its downstream tar-
gets from the GRN, i.e., depleting the regulon, and generate
the perturbed velocity vector field (Figure 2A; STAR Methods).
The dissimilarity between the original and perturbed cell veloc-
ities—the perturbation effect score—reflects the local changes
on each cell induced by perturbations; we quantify this score
with cosine dissimilarity (STAR Methods).

RNA velocity describes a high-dimensional vector field repre-
senting cellular change along the phenotypic manifold, but lacks
interpretability and quantifiable measures of the long-term cell
behavior. We recently proposed CellRank'®"” to bridge this gap
by leveraging gene expression and an estimated vector field to
model cell state transitions through Markov chains and infer termi-
nal cell states. For each terminal state, CellRank calculates the
probability of a cell transitioning to this state—the fate probabil-
ity—that allows us to predict the cell’s future state. By combining
RegVelo’s generative model with CellRank, we connect gene
regulation with both local cell dynamics and long-term cell fate de-
cisions, and how they change upon in silico perturbations. For
perturbation analyses, we compare CellRank’s prediction of cell
fate probabilities for the original and perturbed vector fields to
quantify perturbation effects on terminal states (Figure 2A).

To highlight how our model elucidates cellular dynamics by
incorporating gene regulation, we applied RegVelo to a pancre-
atic endocrine development scRNA-seq dataset.”® To guide
RegVelo’s inference of the cellular dynamics, we estimated a
prior GRN by scanning for motifs within candidate cis-regulatory
elements (CREs) and integrating gene expression and peak
accessibility with Pando®® (STAR Methods). For GRN construc-
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tion, we relied on a multiome dataset of paired ATAC and gene
expression of the same system at embryonic days 14.5
and 15.5.°"

Passing RegVelo-inferred velocity field to CellRank, we delin-
eated the cycling population of ductal cells and predicted the
four terminal states, namely alpha, beta, delta, and epsilon
cells®® (Figures 2B and 2C; STAR Methods). We specifically
explored how these lineages form, predicting that some epsilon
cells become alpha cell progenitors, consistent with previous re-
ports®®~? (Figure S4A). We identified two states based on fate
probabilities that divide the epsilon cell population: state A
showed higher expression of alpha cell-specific genes
(Pou6f2,%® Irx1,°* and Smarca1°®), and state B expressed Neu-
rog3, consistent with Neurogenin3 activity-dependent epsilon
cell genesis®® (Figure S4B; STAR Methods). As previously, delet-
ing or shuffling the learned GRN led to the loss of identified ter-
minal states (Figure S4C, left), reaffirming the value of combining
transcriptional dynamics with gene regulation. Moreover, previ-
ous methods, veloVl and scVelo, not integrating the GRN
component, achieved a lower TSI score (Figure S4C, right;
STAR Methods). To estimate minimal data requirements for ve-
locity inference with RegVelo, we evaluated model performance
across cell numbers and read depths: our results show that
RegVelo recovered all terminal states with moderately high ve-
locity estimation consistency (>0.7) when using >1,000 cells
and retaining 75% of the original read counts (Figure S4D).

RegVelo disentangles ductal and epsilon cell dynamics
in pancreatic endocrinogenesis through in silico
perturbations

Following our analysis of cell maturation, we investigated how to
interpret the role of gene regulation in the cycling population of
ductal cells with RegVelo. By correlating gene expression with
a cell cycling phase score inferred from prior knowledge on
cycling markers (Figure S4E), we found that E2f1 was the high-
est-ranked gene (Figure S4E; Table S1; STAR Methods). To pre-
dict the cell set related to E2f1 functions, we removed the E2f1
regulon from the GRN and used cosine dissimilarity to compare
the vector fields before and after perturbation. We thereby iden-
tified a ductal cell subpopulation exhibiting a large change that
overlaps mostly with the S-phase and, thus, the stage likely
most affected by E2f1°" (Fisher's exact test, p<1x 1019
(Figure S4F, left). Importantly, this perturbation effect score
does not simply reflect E2f1 expression, as Ngn3-high EP cells
express E2f1 at a higher level than ductal cells (Figure S4F, right).
Moreover, gene set enrichment analysis (GSEA) and gene
ontology (GO) enrichment analyses suggest that the predicted
E2f1 downstream targets are mainly enriched for E2F target
and cell cycle phase transition-related pathway (Figures S4G
and S4H), consistent with previous findings that E2f1 acts as a
cell cycle regulator.”® We also identified targets and downstream
pathways of other top regulators, consistent with their known
functions (Figure S4H; Table S1).°9° These findings suggest

(D) Neurod2 regulon perturbation effects on cell fates (left) and the corresponding ten Neurod2-targets affected most in the epsilon lineage (right), assessed by t

test statistics comparing perturbed and original fate probabilities.
(E) Rfx6 regulon perturbation effects on cell fates.
See also Figure S4.
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that the RegVelo-predicted perturbation effect score provides a
useful readout for pinpointing cell states and pathways that are
functionally influenced by specific regulators.

We explored the E2f1 regulon network further to investigate
whether RegVelo could recover known E2f1 downstream targets
that contributed to cell cycle regulation. As a first step, we
validated that the inferred GRN was identifiable and robust under
different runs of RegVelo (Pearson correlation > 0.95) (Figure S4l,
left). We then used the prior GRN as a baseline to compare the
performance of RegVelo-inferred ductal cell GRN when predict-
ing E2f1 targets (STAR Methods). Using E2f1 ChIP-seq results
from the ChiP-Atlas database as ground truth, RegVelo-inferred
GRN showed significant improvement over the prior GRN in pre-
dicting E2f1 targets (two-sided Welch’s t test, p<1x 10-10)
(Figure S4l, right). Focusing on the top 20 predicted targets,
we recovered eight cycling-related genes, including Cdt1,°"
Uhrf1,%% Stmn1,%® 1d2,°* Mcm6, and Mcm7.°° The Pando-based
prior GRN, however, did not include key cell cycling modulators
such as Hells and Cenpk as E2f1 targets, whereas the RegVelo-
inferred GRN predicted them among the top downstream effec-
tors (Figure S4J). Recent ChIP experimental results support
E2F1 binding to both target promoter regions.®®*” In summary,
RegVelo accurately infers cellular dynamics and gene regulation,
enabling the prediction of perturbation effects in this pancreatic
endocrine dataset.

To interpret TF perturbation effects on cell fate decisions with
RegVelo, we first ensured that RegVelo gives stable cell fate
probability predictions and avoids stochastic effects, for
example, from random parameter initialization. To verify robust-
ness, we measured the correlation of velocities or cell fate prob-
abilities between pairs of estimates from different model runs
(STAR Methods). RegVelo scored a high mean correlation and
low variance, implying its high identifiability on cell fate predic-
tion (Figure S4K). Next, we quantified the perturbation effect of
each TF regulon and validated its stability over multiple model
fits for each lineage (Figure S4L; STAR Methods). We reasoned
that TFs with the strongest depletion effects (highest perturba-
tion simulation ranks) represent putative lineage drivers.
Focusing on these top-ranked TFs, RegVelo successfully recov-
ered known drivers across four lineages, including Smarca1,”®
Arx®® in the alpha, Pdx1,°° Mnx17° in the beta, and Hhex”" in
the delta lineage (Figure S4M), and achieved an overall high
ranking for the curated driver, evaluated via the AUROC
(AUROC = 0.95) (STAR Methods). While these regulators may
also function in other contexts,”® their ranking aligns with their
known activity in the respective lineages.

We further focused on the poorly understood process
of epsilon cell differentiation. Our in silico screening predicted
Neurod? as one of the putative drivers of epsilon cell differ-
entiation (Figure S4M). Previous studies have found that pancre-
atic cells transiently expressed Neurod?2 during pancreatic endo-
crinogenesis’® and suggested the role of Neurod? in epsilon cell
formation.®" To uncover the potential mechanisms of Neurod2
in orchestrating epsilon cell differentiation, we employed
RegVelo’s generic circuit screening feature to perturb each
downstream target of Neurod2 and predict the outcomes of
these perturbations on epsilon differentiation. According to
these results, perturbation of the Neurod2-Rfx6 regulation con-
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tributes the most to the maturation of epsilon cells (Figure 2D),
an observation consistent with recent studies highlighting the
importance of this regulation.”* Perturbing the Rfx6 regulon sug-
gests its involvement in beta and epsilon cell differentiation, an
observation supported by previous experimental studies’®
(Figure 2E). This is consistent with its known pleiotropic role in
endocrine lineage specification, rather than being exclusive to
a single fate.

RegVelo recovers regulatory motifs governing cell fate
decisions in hematopoietic differentiation

Previous RNA velocity models, which assume successfully
captured general dynamics in pancreatic endocrine develop-
ment, failed on hematopoietic datasets,’®?® because their
assumption of constant transcription rates does not hold during
the dynamic regulatory processes of hematopoiesis.'®"'""® As
RegVelo does not model transcription as constant, we hypothe-
sized that it could inform on gene regulatory processes during
hematopoiesis. Furthermore, hematopoiesis is a well-studied
system, offering an opportunity to further validate our TF pertur-
bation predictions based on the literature.

To apply RegVelo to a hematopoiesis dataset including five
distinct lineages® (Figure 3A), we first curated a prior GRN,
relying on two orthogonal resources to mitigate the effect of
incompleteness: as a first estimate, we used a publicly available
GRN inferred from single-nucleus ATAC and gene expression
measurements of bone marrow mononuclear cells with Dictys.””
We then extended this representation with an additional GRN
curated from human hematopoiesis ChlP-seq datasets from
the UniBind database’’ to obtain our final prior GRN. After
feeding this GRN into our standard RegVelo workflow and pass-
ing the estimated vector field to CellRank, our analysis recovered
all five terminal states and recapitulated known state transitions
faithfully, consistent with the known lineage commitment and hi-
erarchy of hematopoiesis®® (Figures 3B and S5A; STAR
Methods). We also observed a change in RegVelo’s intrinsic esti-
mation uncertainty from high in progenitor cells (MEP and GMP)
to low in terminal states (Figure 3C), consistent with the fact that
mature cells tend to maintain a more stable differentiated pheno-
type compared with their progenitor cells under homeostatic
conditions.”® Having validated RegVelo’s ability to model major
cellular changes along the phenotypic manifold in the analyzed
dataset, we next analyzed in silico perturbation predictions and
the recovered GRN.

Comparing cell-specific fate probability changes provides an
intuitive way to evaluate perturbation effects. Deletion of the
GATA1 regulon, a master regulator of the megakaryocyte-
erythroid progenitor (MEP) lineage,®® was predicted by
RegVelo to result in depletion-like effects in erythrocytes and
enrichment-like effects in monocytes. Similarly, deletion of
SPI1, the master regulator of the granulocyte-monocyte progen-
itor (GMP) lineage,®* was predicted to result in depletion-like ef-
fects in monocyte and neutrophil branches and enrichment-like
effects in erythrocytes (Figure 3D). We developed the “depletion
likelihood,” a summary statistic ranging from 0 to 1 that quan-
tifies changes in cell fate probabilities before and after perturba-
tion. This metric reflects the global influence of a TF on lineage
identity and enables causal ranking of putative drivers based
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Figure 3. Inferring regulatory dynamics during human hematopoiesis differentiation, embryonic myogenesis, and hindbrain development
(A) Force-directed layout embedding (FLE) of 1,947 human hematopoietic stem and progenitor cells (HSPCs), colored according to original cell type annotation
(HSC, hematopoietic stem cell; Meg, megakaryocyte; Ery, erythrocyte; Bas, basophil; Neu, neutrophil; Mon, monocyte; MEP-like, megakaryocyte and

(legend continued on next page)
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on their tendency to deplete a given lineage when perturbed. We
further evaluated the significance of depletion using a Wilcoxon
rank-sum test (Figure S5B; STAR Methods). Beyond GATAT and
SPI1, our analysis identified additional putative drivers with high
depletion likelihood across hematopoietic lineages, including
GATA2 in basophils (critical for basophil differentiation®®),
MEF2C, NFIB, and GFI1B in megakaryopoiesis,®®®” and ETV6
in monocyte differentiation®® (Figure S5C; Table S2). RegVelo’s
GRN recovers the well-known SPI1-GATA1 toggle switch motif
(Figure 3D), even when replacing the prior GRN with a full con-
nect GRN (Figure S5D),%%°° and predicted GATA1 downstream
effectors with reported roles in regulating hemoglobin gene
expression, consistent with experimental findings®' (Figure 3D).

To assess RegVelo’s ability to capture specific cellular transi-
tions, we benchmarked its inferred cellular dynamics against
those from veloVIl and scVelo (STAR Methods). Following the
CellRank 2 workflow,'” we used the log2 ratio of CBC scores
as a quantitative metric to evaluate velocity inference, and addi-
tionally introduced the backward CBC as a complementary mea-
sure to the original CBC metric'” (Figure S5E). We observed that
RegVelo achieved higher CBC scores than scVelo in 5 out of 6
cell state transitions. Although veloVI showed an overall compa-
rable CBC score of forward cell state transition to RegVelo, it
resulted in lower CBC scores of backward cell state transition,
indicating a potential incorrect backflow in the veloVI vector field
(Figure S5F; STAR Methods). To assess the effect of model reg-
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ularization, we compared the results of unregularized and
Jacobian-L1 (J-L1) regularized RegVelo estimates. The regulari-
zation led to improved cell state transition predictions, indicating
that increased model sparsity improves dynamic inference,
consistent with previous studies on NeuralODE models®
(Figure S5F).

Using cell-cell transition probabilities computed with
CellRank to infer terminal states, RegVelo was the only method
among those benchmarked to recover all five terminal states
(TSI = 0.95), and achieved significantly higher TSI score than
other methods (one-sided Welch’s t test: RegVelo versus ve-
loVl, p = 1.59x 10~%; RegVelo versus scVelo: p = 2.23 x
10-95) (Figures 3A and 3B; STAR Methods). As an extension
of veloVI, we specifically compared RegVelo inference results
to veloVI's predictions: first, we examined how robust each
method’s velocity or latent time estimations were under
different runs. Overall, RegVelo’s estimates were more stable
and associated better across multiple runs compared with ve-
loVI (Figure S5G). Compared with RegVelo’s low intrinsic esti-
mation uncertainty in mature cell types compared with progen-
itor cells, veloVI's inference resulted in high intrinsic uncertainty
across all cell types (Figure S5H). By assessing lineage-specific
rankings of predicted cell fate probabilities against known he-
matopoietic trajectories,”>%® RegVelo recovered three of four
expected biological lineage orderings (Erythroid, Basophil,
and Monocyte), whereas veloVl and scVelo each captured

erythrocyte progenitor-like; and GMP-like, granulocyte and monocyte progenitor-like). Terminal states are defined based on the well-established hematopoietic

hierarchy.?®

(B) RegVelo with CellRank recovers five terminal states (left). The number of correctly identified terminal states compared with the number of specified mac-
rostates highlights that RegVelo performs optimally (right).

(C) FLE of HSPCs colored by RegVelo-inferred uncertainty and terminal states (top; STAR Methods). Log-ratio comparison of progenitor versus terminal un-
certainty (bottom; STAR Methods). Box plots indicate the median (center line), interquartile range (hinges), and 1.5x interquartile range (whiskers) (n = 30 cells;
one-sided Welch’s t tests).

(D) FLE colored by RegVelo’s cell-specific perturbation effect in the erythroid and monocyte lineage after deleting the GATA1 (left) or SPI1 (right) regulon, and the
regulatory subnetwork surrounding the predicted toggle switch between GATA1 and SPI1 (middle).

(E) Ranking of known lineage-associated genes for the erythroid and monocyte lineages using different methods with the CellRank workflow (STAR Methods).
(F) AUROC for lineage driver prediction (PS, perturbation simulation; CR, CellRank; w ML, with metabolic labeling; N = 3 trained models each). We report the
improvement in the average AUROC score of RegVelo (CR) compared with Dynamo (W/ ML) since the performance of RegVelo (PS) and RegVelo (CR) is similar.
(G) FLE of 12,207 human limb cells associated with myogenesis,’® colored by original cell type annotation’® (MyoB, myoblast; MyoC, myocyte; MyoProg,
myogenic progenitor).

(H) Comparison of three candidate RegVelo models (n = 3 trained models), scVelo and veloVI on latent time prediction. Soft-r model was selected based on best
agreement with known differentiation stages. Error bars: 95% confidence intervals (Cl). (Soft-r, soft constraint with Jacobian regularization; Soft, soft constraint;
Hard, hard constraint).

(I) Log-ratio of CBC score comparing RegVelo, scVelo (top), and veloVI (bottom) across defined myogenic transitions (STAR Methods). One-sided Welch’s t tests
were used to assess significance. Box plots display median (center line), interquartile range (hinges), and 1.5x IQR (whiskers). Top (versus scVelo):
PAX3+MyoProg — MyoB1 (forward: n = 121,p <1 x 10~'%; backward: n = 185,p = 0.20); MyoB1 — MyoC1 (forward:n = 77,p<1 x 10~ '°; backward: n =
89, p = 4.012 x 10~ 8); PAX3+PAX7+MyoProg — MyoB2 (forward: n = 399, p = 0.98; backward: n = 335, p<1 x 10~ '%); MyoB2 — MyoC2 (forward: n =
283,p = 6.12 x 10-8; backward: n = 217, p<1 x 10~'°). Bottom (versus veloVl): PAX3+MyoProg — MyoB1 (forward:n = 121,p = 1.09 x 10~8; backward:
n = 185,p = 0.99); MyoB1 — MyoC1 (forward: n = 77,p<1 x 10~ 1%; backward: n = 89, p <1 x 10~ '°); PAX3+PAX7+MyoProg — MyoB2 (forward: n = 399,
p = 0.99; backward: n = 335,p = 0.552); MyoB2 — MyoC2 (forward: n = 283, p<1x 10~19; backward: n = 217, p<1 x 10-19).

(J) Putative driver TFs identified via RegVelo’s in silico simulation, highlighting known drivers from the original study’® in red.

(K) RegVelo-predicted depletion likelihood of known drivers (One-sided Wilcoxon rank sum test).

(L) RegVelo predicts upregulation of maturation markers (MYOG, MYH3, TNNTT) following MSC depletion. Error bars: 95% CI. One-sided Welch’s t test for
significance (MYOG, p<1x 1071, MYH3,p = 0.039; TNNT1,p = 7.02 x 1079).

(M) UMAP of 49,469 human hindbrain cells,?° colored by cell types (HRG, hindbrain radial glia; HBN, Hindbrain neuroblast; PCG, Pontocerebellar glutamatergic;
DI, dorsal interneurons; DSN, dorsal sensory neuroblasts; VMN, visceral motor neuron)®* (STAR Methods).

(N) Comparing three candidate RegVelo models on the CBC score. (n = 3 trained models; one-sided Welch’s t test, Soft-r versus hard: n = 1,275,p< 1 x 10~ 10;
Soft-r versus soft: p <1 x 10~ 19; left). The Soft-r model showed the best performance.

(O) CellRank predicted terminal states with RegVelo-inferred velocity.

(P) UMAP embeddings colored by inferred latent time from RegVelo.?'%?

See also Figures S5 and S6.
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one of these orderings (Megakaryocyte for veloVl and Basophil
for scVelo) (Figure S5I).

In addition to the cell cycle and pancreatic endocrine systems,
we performed a GRN ablation study in hematopoietic systems to
assess how regulatory priors and the removal of GRN affect dy-
namic inference. We found that eliminating informative regulato-
ry priors or the GRN impaired TSI (two-sided paired t test: P =
0.0284 for w prior versus w/o prior, P = 0.0042 for w prior versus
no GRN) (Figure S6A) and compromised the prediction of cell
state transitions (Figure S6B). Building on previous findings
that inaccurate velocity inference for genes, such as PF4, arises
from complex induction dynamics overlooked by conventional
models,”®> we examined additional lineage markers, MPO for
monocytes and HLA-DPB1 for neutrophils, and observed that
only RegVelo, with the GRN incorporated, correctly captured
their induction patterns (Figure S6C). Further analysis of SPI1
and GATAT revealed their regulatory influence along the fate
continuum of erythroid and monocytic lineages, illustrating
their activation dynamics during hematopoietic differentiation
(Figure S6D).

Estimating fate probabilities with CellRank based on RegVelo’s
vector field allows prioritization of lineage-associated genes by
correlating fate probabilities with gene expression.'”” We em-
ployed this CellRank 2'7 strategy to assess whether incorporating
gene regulation into the splicing model improves identification of
known lineage-priming genes compared with classical models
that omit regulatory information (STAR Methods). To evaluate per-
formance, we first curated a list of known lineage markers for
comparison with predictions from each method (STAR
Methods). We then ranked genes using different velocity models
and assessed how well the ranked genes recovered known
markers. We focused on monocyte and erythroid lineages, which
represent two distinct branches with well-characterized markers.
Compared with the competing methods, using RegVelo’s velocity
estimates as input for CellRank resulted in higher-ranking of
marker genes for both lineages (Figure 3E; Table S2). Notably,
regardless of whether ranking was based on perturbation simula-
tions or CellRank with RegVelo-estimated velocities, RegVelo out-
performed dynamo in predicting driver TFs for both lineages, even
though dynamo had access to metabolic labeling data (Figure 3F;
STAR Methods; Table S2).

The analysis of the hematopoietic system with RegVelo high-
lighted our model’s capability to recover lineage hierarchy and
regulatory connections.

RegVelo recovers trajectories and canonical drivers of
human myogenesis via side-information-guided model
selection
Inferring dynamic processes requires careful parameter tuning’;
however, selecting a model that more accurately reflects biolog-
ically relevant dynamics, such as real time, developmental
stages, and known cell state transitions, is essential for identi-
fying an appropriate model.'”*** To address this, we introduced
the ModelComparison class to systematically evaluate RegVelo
candidate models based on their ability to predict key side infor-
mation (STAR Methods).

To demonstrate ease of use, we applied this framework to hu-
man embryonic and fetal limb myogenesis systems, which cap-
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ture a bifurcation between progenitor maintenance and muscle
maturation (Figure 3G).”° Using the ModelComparison class
and the correlation between estimated latent time and embry-
onic stage as guidance, we ranked the RegVelo model with
soft constraint with the Jacobian regularization (Soft-r) highest
(Figure 3H; STAR Methods). The selected model exhibited com-
parable or significantly better prediction of state transitions than
both scVelo and veloVl, especially for the MyoB1-to-MyoC1 and
MyoB2-to-MyoC2 transition, as measured by forward and back-
ward CBC (Figure 3l). We further screened TFs to evaluate their
depletion effects on different lineages. RegVelo identified MSC
as the top regulator of progenitor fate, and MYOG as the top
driver of maturation fates (Figures 3J and 3K; Table S2). It also
predicted upregulation of maturation genes such as MYOG,
MYH3, and TNNT1 following MSC regulon knockout, consistent
with experimental observations’® (Figure 3L). We further applied
ModelComparison to the human embryonic hindbrain system®°
(Figure 3M). With cell state transition prediction as guidance
(Figure 3N; STAR Methods), the selected RegVelo model recov-
ered terminal states (Figure 30) and produced latent time esti-
mates that reflected the known differentiation hierarchy from
HRG and HBN progenitors to the four specialized neuronal
types® (Figure 3P). These results demonstrate that the Model-
Comparison class effectively supports RegVelo model selection
in human developmental contexts.

Modeling regulatory dynamics of zebrafish neural crest
development

Neural crest cells contribute diverse derivative cell types to func-
tionally distinct tissues and organs, including bone, cartilage, and
connective components of the craniofacial skeleton, most of the
body’s pigment cells, and elements of the peripheral nervous sys-
tem. Deciphering the dynamic programs that control neural crest
development may improve understanding of developmental dis-
orders and neural-crest-derived cancers.”*® We next used
RegVelo to combine ultra-deep single-cell transcriptomic read-
outs with GRN priors into a dynamic, actionable model of neural
crest development. To decode complex regulatory dynamics of
the neural crest, we employed Smart-seq3’ and profiled 1,180
neural crest cells and their derivatives at seven time points,
achieving a median coverage of 7,791 genes per cell
(Figures 4A, 4B, S7A, and S7B). We then applied RegVelo with a
prior SCENIC+-inferred GRN from a stage-matched single-cell
multiome dataset'?® (Figure 4A; STAR Methods).

We first evaluated the extent to which the RegVelo model fol-
lows the established differentiation hierarchy during neural crest
development. RegVelo recovered previously identified terminal
states,'®” namely post-otic migratory neural crest (mNC
hox34), non-hox facial mesenchymal, second pharyngeal arch
(arch 2), and pigment cells (Figures 4C and 4D). Additionally,
the RegVelo-inferred latent time positively correlated with actual
developmental stages (Figure S7C), and placed the non-hox
neural plate border (NPB nohox) cell state near the beginning
of the developmental process'®' (Figures 4C and S7C).
RegVelo recovered more terminal states than scVelo and
VeloVI, supporting improved dynamic inference (Figure 4D).

To systematically identify putative lineage drivers in silico, we
quantified perturbation effects on cell differentiation toward the
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Figure 4. RegVelo uncovers key regulators of cell fate decisions during zebrafish neural crest development
(A) Schematic of the experimental design for time-resolved single-cell gene expression, multimodal assays, and in vivo Perturb-seq to capture neural crest cell
development (ss, somite stage; h, hour post fertilization; mut, mutant).

3784 Cell 189, 3773-3800, June 11, 2026

(legend continued on next page)



Cell

four terminal states. RegVelo linked perturbation effects of
known drivers to depletion of the corresponding lineages,
including mitfa,'® sox10'% for the pigment lineage, and
sox9b,'% nr2f2,'%° twist1b'°® for the mesenchymal lineages
(Figure 4E). While these factors are not exclusively specific to
these lineages, their predicted effects are consistent with previ-
ously reported lineage roles in neural crest development.

As RegVelo simulates perturbed dynamics de novo, we iden-
tified lineage drivers expressed at the beginning of a trajectory
but not in terminal states, whereas correlation-based methods
tended to overlook these drivers (Figure S7D). For instance,
NPB and delaminating neural crest cells (early states during
NC formation) highly expressed the cranial mesenchymal lineage
drivers, ets1,'%” nr2f5,'%° sox9b,'® and twist1b'%° that were
significantly downregulated in terminal-state cells (p < 0.001)
(Figures S7D-ST7F). RegVelo predicted these genes as mesen-
chymal lineage drivers, whereas correlation-based analyses
with the classical CellRank workflow and in silico perturbation
approach by dynamo?® predicted them as putative drivers of
mNC hox34 development (Figures S7G-S7I). Finally, our
RegVelo-based workflow ranked these genes consistently
higher than the correlation-based approach, even when we re-
placed gene expression with TF-regulon activity (Figure 4F),
and used combinations of GRN inference,’**>?® TF-regulon
activity quantification,'®?®'"° and trajectory inference ap-
proaches”'%'7*1 (Wilcoxon rank-sum test, p = 0.0247, n = 3)
(Figure S7J).

To explain how RegVelo identifies early-expressed drivers, we
assessed its two key inputs: RNA splicing dynamics and a prior
GRN. We first showed that only correlating spliced and un-
spliced RNA with lineage progression did not improve driver
ranking over total RNA (Figure S7K). In contrast, early drivers
of cranial mesenchymal fates (arch 2 and facial mesenchyme)
exhibited higher regulon activity (see STAR Methods), consistent
with improved driver ranking when correlating regulon activity,
rather than gene expression, with lineage progression
(Figures S7L and 4F, left). This suggests that the prior GRN link-
ing TFs to downstream lineages is the contributor to RegVelo’s
early driver predictions. To directly assess this contribution, we
trained RegVelo using a fixed binary or randomized prior GRN.
The fixed binary prior GRN produced reasonable driver rankings
(Figure S7M) (AUROC = 0.8), whereas randomizing edges sub-
stantially reduced performance (AUROC = 0.52+0.13), con-
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firming the importance of the prior’s regulatory structure. We
then examined the role of RegVelo-learned edge weights in
driver ranking: whereas using fixed SCENIC+ weights yielded
inferior rankings (AUROC = 0.65), allowing RegVelo to refine
edge weights substantially improved its performance
(Figure S7M) (AUROC = 0.91+0.02). Furthermore, shuffling
these learned weights significantly reduced performance
(Figure S7M) (AUROC = 0.38 +0.09), underscoring the impor-
tance of data-driven weight refinement.

To further illustrate how the learned weighted GRN mechanis-
tically connects early drivers to lineage fate, we perturbed nr2f5
and ets1 regulons using RegVelo’s ODE simulator. We first iden-
tified the top regulatory links for both TFs, including facial
mesenchyme-associated genes involved in skeletal develop-
ment (serpinh1b,'"" alcama,''? and tgfbr3'"®) and cranial neural
crest cell migration (tgfbr3''* and nrp2a’'*"),

We next perturbed nr2f5 and ets1 regulons and used
RegVelo’s ODE simulator to predict the changes in target gene
expression. With the learnable weighted GRN model, the simu-
lated dynamics closely matched the observed data (median
R? = 0.92) (Figure S70) and predicted decreased target gene
expression, mirroring the mesenchymal depletion observed in
the CellRank-based perturbation analysis. In contrast, simula-
tions based on a fixed binary GRN showed poorer dynamic
fitting (Figures S7P and S7Q) and reduced perturbation effects,
particularly for ets7 (median R?> = 0.54) (Figure S7P). We further
observed that including more stages in the input data improved
prediction of facial mesenchymal drivers and enhanced the
learned edge weights for both TFs. This suggests that RegVelo
leverages temporal dynamics to refine lineage-associated regu-
latory interactions (Figure S7R). Together, these results indicate
that RegVelo’s capacity to link early TF drivers to lineage identi-
ties depends not only on the regulatory context provided by the
prior GRN, but also on its ability to refine these interactions
through the learning of edge weights that incorporate temporal
information.

To experimentally test the functional requirement of RegVelo-
predicted drivers for lineage specification, we performed genetic
knockouts of predicted drivers for the facial mesenchymal line-
age (sox6, sox9b, and zic2b) and the arch 2 lineage (hoxa2b).
We analyzed the effects using multiplexed hybridization chain re-
action fluorescence in situ hybridization (HCR-FISH) (Figures 4E
and 4G). By directly quantifying lineage cell abundance in

(B and C) UMAP embedding of 697 neural crest cells from the Smart-seq3 dataset, colored by cell states (B) and known initial and terminal states (C) (NPB, neural
plate border; dNC, delaminating neural crest; mNC, migratory neural crest; mes, mesenchyme; arch 2, second pharyngeal arch).

(D) We plot the number of identified terminal states against the number of macrostates specified (top) and the TSI score using RegVelo (blue), veloVI (orange), and
scVelo (green) (n = 20; two-sided Welch’s t test, p <0.001). Error bars: 95% CI. Line styles and colors indicate different methods.

(E) RegVelo-predicted depletion likelihood of known lineage drivers in facial mesenchyme or pigment lineages (one-sided Wilcoxon rank-sum test).

(F) AUROC of lineage driver prediction for facial mesenchymal/pigment lineage specification based on RegVelo’s perturbation simulation (PS), or CellRank using
gene expression (GEX) or gene activity (GA) of TFs.

(G) RegVelo-predicted depletion likelihood of putative drivers in facial mesenchyme (sox6 and zic2b) or arch 2 (hoxa2b) lineages (one-sided Wilcoxon rank-sum
test).

(H and I) Representative confocal microscopy images of colec12 (H; facial mesenchymal marker), dix2a (I; arch 2 marker), and Cherry (neural crest marker)
expression in control (Ctrl) and sox9b, sox6, zic2b, and hoxa2b crispant zebrafish embryos at the 21-somite stage. E, eye; fm, facial mesenchymal; o, otic; pa2,
arch 2.

(J) Quantification of the abundance of all facial mesenchymes (sox9b, sox6, and zic2b) and arch 2 (hoxa2b) from confocal images. (One-sided Welch’s t test;
sox9b: Ncyy = 6,Nko = 5,P = 0.0003; sox6: Ngyi = 4,Nko = 4,p = 0.049; zic2b: Ncyy = 4,Nko = 5,p = 0.0038; hoxa2b: Ncyy = 7,Nko = 9,p = 0.033;
Error bars: 95% ClI).

See also Figures S7 and S8.
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Figure 5. RegVelo predicts perturbation effects of key regulators during zebrafish neural crest development

(A) PHATE embedding of 39,453 neural crest development cells from the combined Perturb-seq datasets, color indicates terminal lineage.

(B) PHATE embedding of 834 neural crest development cells from the nr2f2 knockout (KO) and control panel (left). MELD first estimates the condition-specific
density across a graph constructed from all cells and samples, yielding one density estimate per condition (middle). These estimates are then normalized to

calculate a condition-associated relative likelihood (right).
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knockout versus control embryos, we confirmed that loss of
these RegVelo-predicted drivers resulted in disrupted lineage
specification (Figures 4H-4J, S7S, and S7T).

We next examined how sequencing depth and related
technical parameters influence RegVelo’s performance in driver
prediction and TSI. Under conditions with sufficient read depth
(Figure S8A) (5, 5%-50% subsampling, typically corresponding
to >25,000 median reads per cell), TSI remained stable, and
driver ranking declined moderately (Figure S8B) (TSI = 0.82,
AUROC > 0.8, N = 10 trained models). Correlation analysis re-
vealed distinct technical dependencies: TSI was primarily influ-
enced by the number of retained cells, whereas driver ranking de-
pended on the number of retained genes per cell (Figure S8B).
Fate-mapping and velocity estimates were also consistent across
the 5%-50% sampling range, with noticeable deviations
emerging only at 1%. This likely explains the lowered driver
ranking at very low depth, as RegVelo relies on cell fate mapping
to predict drivers (Figure S8C). Analogous analyses on a sci-RNA-
seq mouse neural crest developmental dataset (Figure S8D),
characterized by inherently shallow sequencing, confirmed
RegVelo’s consistent and superior inference of TSI (Figures S8D
and S8E). We further conducted in silico perturbations of classical
lineage drivers—Mitf (melanocytes),'”” Sox70 (myelinating
Schwann cells),''® and Pou4f1 and Neurod1 (neuronal)''®'2°—
as an orthogonal validation of RegVelo’s ability to predict classical
lineage regulators during neural crest development (Figure S8F).
For instance, Neurod1 is an early TF expressed in peripheral ner-
vous system neurons (Figure S8G). Whereas RegVelo’s perturbed
vector fields accurately predicted depletion of enteric and otic
sensory neurons, '°*'?! a simple Pearson correlation-based anal-
ysis'’ failed to do so (Figure S8H).

RegVelo screens TF knockout effects for cell fate
decisions in zebrafish

Advances in single-cell Perturb-seq have facilitated systematic
evaluation of transcription factor function through targeted
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knockouts in living organisms.'?? Using this approach, we eval-
uated RegVelo’s predictions of TF knockouts with CRISPR-Cas9
and direct capture Perturb-seq workflows®® (Figures 4A and 5A;
STAR Methods). We designed 2 to 4 chemically modified single
guide RNAs'2® per TF (tfec, mitfa, bhihe40, tfeb, elf1, nr2f2, and
nr2f5) to maximize knockout efficiency, generated zebrafish FO
crispants'? by injecting the Cas9-gRNA ribonucleoprotein com-
plex into heterozygous foxd3-Citrine embryos'?® at the 1-cell
stage, and profiled single-cell transcriptomics of foxd3-Citrine-
expressing cells at the 21-somite stage, in which terminal cell
types were identified. We quantified in vivo perturbation effects
as lineage-specific changes between untargeted control and
knockout embryos using manifold enhancement of latent dimen-
sions (MELD) relative likelihood scores.'?® This likelihood is
the ratio of density estimates between perturbed and control
conditions, indicating how much more likely a cell is to appear
under perturbation; lower values indicate greater depletion
(Figure 5B; STAR Methods). To systematically evaluate
the perturbation effects, we incorporated CellRank to define ter-
minal states in the Perturb-seq data and implemented a permu-
tation test framework to determine the statistical significance of
lineage-specific perturbation effects (STAR Methods; Figures 5C
and 5D). Experimental results recapitulated known relationships
between specific factors and their associated lineages. For
instance, the in vivo knockout of the top pigment driver, mitfa,'%°
resulted in pigment lineage depletion (lineage-specific MELD
likelihood = 0.3354, permutationtestp = 0.001), while knocking
out the cranial ectomesenchymal driver nr2f2'?’ depleted
mesenchymal cells as predicted by RegVelo (lineage-specific
MELD likelihood = 0.47, permutation testp = 0.001) (Figure 5E).

We next systematically examined the in silico knockout perfor-
mance using the in vivo Perturb-seq data. By analogy to MELD
likelihood, we introduced a perturbation metric in RegVelo—
density change likelihood —based on Markov simulations, which
quantifies density shifts in terminal states and assesses their
statistical significance (Figure 5F; STAR Methods). Using this

(C) Estimated pseudotime (see STAR Methods) integrated with PseudotimeKernel in CellRank'’ to infer terminal states for all 39,453 neural crest

development cells.

(D) Permutation testing framework for evaluating statistical significance of perturbation effects on terminal states (STAR Methods).

(E) MELD-derived likelihood scores for terminal states in the nr2f2 KO panel (top). Statistical testing (1,000 randomizations) shows a significant depletion in facial
mesenchyme but not arch2 (bottom).

(F) RegVelo simulates cell differentiation in silico via Markov simulations starting from progenitor populations. After a fixed number of simulation steps, terminal
cell visitation densities are computed. A density change likelihood (£4,), analogous to MELD likelihood, is then calculated, and statistical tests are performed to
assess perturbation effects on each terminal state.

(G) Density change likelihood following nr2f2 regulon depletion (paired t test). Only facial mesenchymal cells showed a significant change (n = 30,p = 0.008).
(H) Representative confocal microscopy images (left) and HCR signal quantification (right) of colec12 (facial mesenchyme marker) and dix2a (arch 2 marker)
expression in control and nr2f2 crispant zebrafish embryos at the 21-somite stage. e, eye; o, otic. Error bars indicate 95% confidence intervals. (One-sided
Welch’s t test, facial mesenchymes: Ngy = 6,Nko = 6, p = 0.046; arch 2: Ngyy = 5,Nko = 6,p = 0.76).

(I) Density change likelihood following nr2f5 regulon depletion (paired ttest,n = 30,arch2:p = 4.93 x 10~5; facial mesenchyme: p = 3.47 x 10~8; mNC hox34:
p = 4.93x 10~ 8; Pigment: p = 6.31 x 10-9)

(J) Representative confocal microscopy images of colec12 (facial mesenchyme, labeled as fm), dix2a (arch 2/pa2, arch 3/pa3), and mitfa (pigment, labeled as p)
expression in control and nr2f5 crispant zebrafish embryos at the 21-somite stage (Ex., example).

(K) Quantification of the abundance of all four lineage cell types from HCR confocal images. (One-sided Welch’s t test; arch 2: Noyy = 5,Nko = 5,p = 0.009;
facial mesenchyme: Ngyy = 6,Nko = 9,p = 3.59 x 10-5; mNC hox34: Ngyy = 3,Nko = 4,p = 0.018; pigment: Ny = 3,Nko = 4, p = 0.53; Error bars:
95% Cl).

(L) Benchmark of in silico perturbation effect prediction using RegVelo, dynamo, and CellOracle (n = 3 trained RegVelo models; one-sided Welch’s t test; single
knockout: P = 1.78 x 10~%; single + multiple knockout: P = 6.59 x 10~ 7).

(M) Gene program activity changes for mitfa (left) and rarga (right). Boxplots: NMF scores for Ctrl (gray) versus KO (red) in Perturb-seq (top) and RegVelo pre-
dictions (bottom).

See also Figure S9.
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Figure 6. tfec regulates pigment cell development as an early driver
(A) Top putative pigment lineage driver TFs via RegVelo simulation, highlighting known pigment drivers in red (left). The PHATE embeddings visualize the MELD
likelihood, indicating the pigment lineage depletion in tfec and mitfa knockouts (right).
(B) The top 10 positively regulated tfec targets predicted by RegVelo and ranked by inferred weights (left). Violin plot of top target gene expression in in vivo
Perturb-seq dataset (right; n = 779 cells; one-sided Welch’s t test, p = 0.02 for cdknica, p = 3.44 x 108 for atp6ap2).
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metric, RegVelo predictions, consistent with Perturb-seq results
(Figure 5E) (facial mesenchyme: permutation test p = 0.001;
arch 2: permutation test p = 0.762), identified facial mesen-
chyme as the terminal state showing the strongest reduction in
density following nr2f2 perturbation (Figure 5G). To validate
this lineage-specific effect in individual nr2f2 knockout embryos,
we performed multiplexed HCR-FISH staining for lineage
markers, followed by cell segmentation and state quantification
(STAR Methods). Consistent with both RegVelo predictions and
Perturb-seq data, nr2f2 knockout led to a noticeable reduction in
facial mesenchymal but not arch 2 lineage (Figure 5H), despite
both deriving from cranial mesenchyme-biased neural crest.'?®

As complementary validation, we predicted perturbation ef-
fects for another ectomesenchymal driver, nr2f5.'°° Consistent
with the perturb-seq results, which showed significant density
depletion across all fates in the nr2f5 knockouts, RegVelo also
predicted significant depletion effects, particularly in cranial
mesenchymal fates such as arch 2 and facial mesenchyme
(Figures 5l and S9A). This strong depletion of mesenchymal fates
was further supported by HCR-FISH analysis following nr2f5
knockout (Figures 5J and 5K). In addition to nr2f5 and nr2f2,
RegVelo’s density change likelihood also showed pronounced
depletion effects of pigment lineages for identified pigment
drivers, including tfec, mitfa, tfeb, and bhlhe40, consistent with
MELD likelihood scores obtained in the perturb-seq data
(Figure S9A).

To systematically quantify this concordance across the entire
perturbation screen and assess RegVelo predictions against the
ground truth, we extended our seven-TF Perturb-seq data with
an additional complementary Perturb-seq dataset,”® creating a
joint panel of 11 single-TF and 4 multiple-TF knockouts. Only
TFs present in the preprocessed Smart-seq3 dataset were re-
tained to ensure comparability (see STAR Methods for prepro-
cessing and filtering). We computed the Spearman correlations
between predicted density change likelihoods and experimen-
tally derived MELD likelihood scores, and compared RegVelo
predictions to dynamo?® and CellOracle,”® which use either dy-
namic modeling or GRN inference alone (STAR Methods). For
single-TF knockouts, RegVelo achieved nearly double the
mean Spearman correlation (0.52) compared with the other
methods (Spearman correlation < 0.25) (Figures 5L and S9A),
with a similar trend for all knockout experiments in the panel
(average Spearman correlation of 0.51 versus 0.32; Figure 5L).
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We further calculated the precision and recall of lineage pertur-
bation prediction (STAR Methods); RegVelo achieved values of
0.6 for both metrics—nearly twice the values for other methods
(Figure S9B).

To further investigate the regulatory programs recovered by
RegVelo, we compared Perturb-seq data with differentially ex-
pressed genes (DEGs) predicted by RegVelo and found they
significantly overlapped across most knockout conditions
(Figure S9C). Several downregulated gene programs were
consistently shared between RegVelo and Perturb-seq genetic
knockouts (Figure S9D). Clustering these programs revealed
two distinct meta-programs (Figure S9E): Meta-program-1,
functionally enriched for mesenchymal cell differentiation, and
Meta-program-2, enriched for melanocyte migration and
pigmentation processes (Figure S9F). In specific gene perturba-
tions, RegVelo predicted the downregulation of pigment cell-
related programs in mitfa knockout and the suppression of facial
mesenchyme programs in rarga knockout, a known regulator of
cranial mesenchymal fate'?® (Figure 5M).

Overall, having established that RegVelo correctly and
robustly infers the dynamic cellular changes during zebrafish
neural crest development, we sought to employ our framework
to identify regulatory relationships driving this embryonic devel-
opmental process.

tfec regulates pigment cell development as an early
driver

Previous studies have established the differentiation programs
of pigment progenitor cells into iridophores, melanophores,
and xanthophores at later developmental stages.'**"'*° Howev-
er, the initial specification of the pigment lineage within the
migratory neural crest remains unresolved. We, thus, turned to
the trained neural crest RegVelo model to predict drivers and
found bhlhe40, tfec, and mitfa''’ ranked as the top three
pigment cell regulons (Figure 6A), and the known pigment line-
age'®" markers cdknica and atp6ap2 among the top positively
regulated targets of tfec (Figures 6B and 6C). Additionally, other
target genes of the tfec regulon, such as slc45a2, Irmda, and
psen2, were enriched in pathways of melanocyte differentiation
(adjusted p = 0.004) (Figure 6C). RegVelo-predicted target
effector slc45a2 regulates melanosomal pH in zebrafish,'®?
and its ortholog SLC45A2 mediates pigmentation in humans.'**
We observed that slc45a2-expressing NC derivatives were

(C) Gene Ontology network of RegVelo-predicted targets. Activation strength refers to the regulatory weight.

(D) Representative confocal microscopy images of sox70 and slc45a2 expression in control (left) and tfec knockout (right) zebrafish embryos at 21-ss.

(E) Quantification of the abundance of all sox10 and slc45a2 co-expressing cells from HCR confocal images (left; one-sided Welch’s t test, Ncyy = 8,Nko = 7,
p = 0.002; Error bars: 95% CI); Expression of slc45a2 in Perturb-seq before and after tfec KO (right).

(F) Expression patterns of representative bHLH factors in the pigment lineage within our Smart-seq3 data along developmental stages. GEX, gene expression.
(G) Top regulons with the highest Jaccard index in RegVelo-inferred GRN, indicating shared target genes, with the mitfa and tfec enhancer-driven regulons. It
implies potential redundancy among tfec, mitfa, bhlhe40, and tfeb regulons (highlighted in red).

(H) Contrast images illustrate the albino phenotype in FO crispants of tfec;mitfa;tfeb at 36 h post fertilization (hpf). Representative images for no phenotype in
control embryos and weak or strong phenotypes in the KO embryos (top panel). Bottom panel shows the counts and proportions for each phenotype for two
experiments (chi-squared test of independence, p <1 x 10~ '° for both repeated experiments). Ex., experiment.

(I) Genomic track view within the tfec locus highlights two regions containing ATAC peaks (top panel) overlapping with reproducible Sox10 ChlP-seq peaks
(IDR™' < 0.05). The middle panel shows Sox10 biotin ChIP-seq and input profile with merged biological duplicates per stage, as well as consensus peaks, with
zoomed-in views at the right highlighted region, which harbors a motif hit, from the top panel. The bottom panel shows the ChromBPNet-predicted contribution
score, showing a Sox10 motif hit call overlapping with the Sox10 ChlP-seq peak at the tfec promoter region.'**

See also Figure S10.
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significantly reduced in tfec knockout embryos (p = 0.001)
(Figure 6D and 6E). We, thus, hypothesized that tfec could
contribute to pigment cell fate priming as an early expressed
driver and turned to orthogonal computational and experimental
approaches for validation.

Single-cell transcriptomic analysis of both our Smart-seq3
dataset and a published multiome dataset'® identified tfec
as an early basic helix-loop-helix (obHLH) TF expressed in the
cranial neural crest, preceding the precursor driver mitfa and
others such as tfeb and bhlhe40 (Figures 6F and S10A). Addi-
tionally, our Perturb-seq experiment showed significant deple-
tion effects for tfec knockouts compared with mitfa in both
early and late pigment lineages (two-sided paired Wilcoxon
test, p<1x 10~ '3) (Figures S10B and S10C). Targets of tfec
in RegVelo-reweighted GRN and targets of other pigment line-
age drivers, mitfa and tfeb, largely overlapped (Figures 6G and
S10D). Therefore, we hypothesized that tfec, mitfa, and tfeb
had functional overlap in pigmentation lineage specification.
To test this, we performed single-TF and triple-TF knockout
and counted the number of embryos falling into each of the
three categories of embryonic phenotypes: no phenotype (full
pigmentation), weak phenotype (reduced pigmentation), and
strong phenotype (no pigmentation). The simultaneous
knockout of mitfa, tfec, and tfeb led to pigment cell depletion
in 36-h-post-fertilization embryos compared with the untar-
geted control, whereas this pigment depletion phenotype was
not observed in single-gene knockouts (Figures 6H and
S10E). Our results aligned with the previously reported single-
knockout phenotypic observation.'*

To explore the transcriptional regulation upstream of tfec, we
leveraged the multiome-ATAC data'®® and predicted TF bind-
ing sites in SCENIC+-inferred CREs within the tfec locus. We
used the base-resolution contribution scores derived from the
convolutional neural network models'®° trained and interpreted
by ChromBPNet,'*® which allowed us to characterize the
putative TF binding instances. Our ChromBPNet-based model
predicted Sox10 motif hits in two CREs upstream of tfec
(chr4 : 6031867 — 6031883 and chr4 : 6019773 — 6019789;
cosine similarity > 0.83, by Finemo'*®) (Figure 6l). Sox10, a
key regulator of NC development, is essential for the pigment
lineage specification'®® (Figure S10F). To further test whether
Sox10 directly regulated tfec, we conducted Sox10 Biotin
ChlIP-seq'®®"®" with biological replicates at three develop-
mental stages (10 ss, 15 ss, and 21 ss). In Biotin ChlP-seq anal-
ysis, we called reproducible peaks between replicates for each
stage (§<0.05, by irreproducibility discovery rate [IDR]'*?)
(Figure S10G; STAR Methods). A reproducible ChlP-seq peak
overlapping ChromBPNet-predicted Sox10 binding sites
(chrd : 6031499 — 6032013) was identified within the tfec pro-
moter region at 15 ss and 21 ss (Model-based analysis of ChIP-
Seq 2 [MACS2] g<2.5x10"' 43 x 1075 and IDR = 0.04,
0.0018 for two stages, respectively) (Figure 6l). These results
suggested that key neural crest regulator Sox10 could bind
this region and likely directly modulate tfec expression in neural
crest cell populations.

Overall, our experimental output of Perturb-Seq and HCR
quantification indicated that tfec contributed to the transition
from initial neural crest cell states to pigment cell states, and
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tfec might act as an early driver, which aligned with the
RegVelo-predicted role of tfec. Our ChlP-seq profiling and motif
hit calling results implied that tfec was likely a direct downstream
effector of Sox10 in neural crest development.

RegVelo discovers the elf1 pro-pigment role

Elf1, a TF from the erythroblast transformation specific (ETS)
family, was predicted as one of the top ten regulators of pigment
fate by RegVelo in neural crest development (Figure 6A). Density
simulation of RegVelo further predicted that elf1 perturbation
significantly reduces terminal-state pigment cell density (p =
0.0091) Figure 7A). Comparing the expression of targets ordered
by RegVelo-inferred latent time revealed a clear bifurcation be-
tween pigment and mesenchymal cell fates, with elf1 targets
upregulated in the pigment lineage, and pro-mesenchymal ETS
TFs (i.e., flila) upregulated in the mesenchymal lineage'®®
(Figure 7B).

To test the predicted role of elf1, we analyzed in vivo Perturb-
seq data, which revealed significant depletion in pigment lineage
upon elf1 knockout (Figure 7C). We next confirmed the elf1
knockout phenotype using orthogonal approaches. HCR RNA
fluorescence in situ hybridization for mitfa (pigment), Cherry (neu-
ral crest), and colec12 (mesenchyme) following elf7 knockout
showed reduced pigment cell numbers in the pre-otic cranial re-
gion (Figures 7D and 7E). Moreover, both Perturb-seq and HCR
results showed that elf7 knockouts showed enrichment in certain
cranial mesenchymal fates, consistent with RegVelo-simulated
cell density changes (Figure 7A). At the gene level, we observed
significant downregulation of mitfa and sox70 in the elf1 KO
versus the untargeted control of Perturb-seq (Figure 7F).
Together, these experimental validations support the pro-
pigment, anti-mesenchymal role of elf1 predicted by RegVelo.

To explore the regulatory context of elf7, we examined its up-
stream regulators and downstream targets in comparison with
RegVelo-predicted regulatory interactions (Table S3). We first
performed differential expression analyses using Perturb-seq
data from both pigment and mesenchymal fate driver knockouts
to assess the expression patterns of elf7 and related genes. Ac-
cording to Perturb-seq analysis, elf1 was significantly downre-
gulated in tfec knockouts and upregulated in flila knockouts
(Figure 7G), aligning with RegVelo-predicted regulatory weights
from tfec or fli1a to elf1 (Table S3).

To identify direct targets of elf1 in the context of this regulatory
network, we performed elfli CUT&RUN and identified 1,967
reproducible peaks (g <0.05, by IDR) (Figure S10H). Among
these reproducible peaks, 714 harbored canonical ETS family
motif hits (o < 0.004, by FIMO'*% and were annotated as the pu-
tative direct elf1 binding sites. Motif enrichment analysis by
SEA'“? confirmed that the ELF1 motif was enriched in these pu-
tative direct binding sites (g = 9.81 x 10~ '"). We identified po-
tential direct elf1 binding at the glulb, cpeb4b, and pleca loci, all
of which were predicted as elf1 targets in the RegVelo-re-
weighted neural crest GRN (Table S3). These included the pro-
moter region of cpeb4b (chr21 : 41369360 — 41369582), a distal
region at chr19 : 22202744 — 22202944 associated with pleca
expression (o = 0.0015, by Signac linkage analysis), and a distal
region at chr6 : 23843706 — 23844026 with glulb annotated as
the nearest gene (Figure 7H).
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Figure 7. RegVelo identifies an early pigment lineage driver, elf1, together with its regulatory context

(A) Density change likelihood (€ »,) following elf1 regulon depletion (left; paired ttests,n = 30,arch2:p = 0.03; facial mesenchyme:p = 0.033; MNChox34:p =
0.93; pigment: p = 0.009).

(B) Visualizing the log,-fold change of the average expression levels of all fli1a targets versus all elf1 targets in each cell (x axis) along RegVelo latent time (y axis).
(C) PHATE embedding colored by in vivo elf1 perturbation scores quantified by MELD (top); Pigment depletion and facial mesenchyme enrichment in terminal
states confirmed by permutation test (p = 0.001, 1,000 randomizations).

(D) Representative confocal microscopy images of colec12 and mitfa expression in control (left) and elf1 crispant (right) zebrafish embryos at 21-ss. Dashed line
indicates regions of interest.

(E) Quantification of the abundance of cranial mesenchyme and pigment cells from confocal images after HCR (One-sided Welch'’s t test; facial mesenchymes:
Ncti = 4,Nko = 6,p = 0.001; pigment: Ney = 4,Nko = 6, p = 0.018). Error bars: 95% ClI.

(F) mitfa and sox10 are significantly downregulated in elf1-knockout neural crest cells based on Perturb-seq data (one-sided Welch’s t test, mitfa: p = 0.0003;
sox10:p = 2.68 x 1075).

(G) elf1 expression levels are significantly decreased in tfec knockout and significantly increased in flila knockout (one-sided Welch’s t test, tfec knockout: p =
8.61 x 107 8; flita knockout: p = 0.0011).

(H) Genomic track view of ATAC signals of cluster-specific pseudobulks (top panel) overlapping with reproducible EIf1 CUT&RUN peaks. The middle panel shows
ElIf1 CUT&RUN and IgG profile with merged biological duplicates per group, as well as reproducible peaks, with light gray lines indicating ETS family motif hits.
The bottom panel shows the ChromBPNet-predicted contribution score, showing ETS motif hits overlapping with the EIf1 CUT&RUN peaks. The putative binding
regions are located at chr21 : 41369360 — 41369582 (left), chr19 : 22202744 — 22202944 (middle), and chr6 : 23843706 — 23844026 (right), while the subtitles
indicate the genomic coordinate ranges of each panel.

See also Figure S10.

DISCUSSION

We have presented RegVelo, a framework that jointly learns RNA
velocity and underlying gene regulation from single-cell gene
expression data using variational inference. The step from de-
coupled single-gene models to a fully integrated dynamic model
by explicitly incorporating gene regulation allows our method to

compare favorably to previous approaches on dynamic infer-
ences. Notably, forward simulation of the learned gene regulato-
ry dynamics provides a physically grounded virtual cell'*' style
simulation for modeling regulatory mechanisms in cell fate deci-
sion behavior.

We recovered murine pancreatic endocrinogenesis trajec-
tories and regulatory mechanisms, faithfully predicted drivers
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and regulatory effects in ductal cell cycle progression, and line-
age conformation. In human hematopoiesis, where previous
RNA velocity methods underperformed even with access to
metabolic labeling information, RegVelo recovered the toggle-
switch network motif between GATA1 and SPI1 (PU.1) and,
through RegVelo’s perturbation scheme, illustrated their roles
in erythroid and monocyte-fate decisions.

While most ETS factors have pro-mesenchymal bias in zebra-
fish cranial neural crest,'® RegVelo led us to report elff as an
exception that promotes pigment fates. Our finding is consistent
with the DNA-binding anti-cooperativity of ELF1 caused by an
electrostatic repulsion mechanism, in contrast to FLI1 and
ETS1."*? Our newly found driver for the pigment lineage, elf1,
has also been reported as the intermediate-state marker in mela-
noma, '“® where the tumor cell states intermediate or neural crest-
like, mesenchyme-like, and melanoblast-like were reported to
mirror normal cell states in the neural crest cellular trajectories.'**
Future studies can investigate whether elf1 is involved in a shared
regulatory circuitry between neural crest fate decisions and mela-
noma. Overall, our systematic in silico and in vivo TF knockout da-
tasets serve as valuable resources for studying cranial neural crest
development and relevant diseases, as well as for benchmarking
the accuracy of knockout simulation algorithms.

As an end-to-end dynamic, interpretable, and actionable
model, RegVelo distinguishes itself from other studies that focus
on interpreting cell dynamics through gene regulation®®145146 jn
three aspects. (1) These approaches depend on predefined
cellular velocity estimates®"“>'“¢ from models ignoring regula-
tory events."®'* In contrast, RegVelo simultaneously learns gene
regulation and velocity. (2) RegVelo integrates prior GRN knowl-
edge from multiple modalities into velocity estimation. (3) Previ-
ous models predict perturbation effects by manually activating
or suppressing gene expression,”>'*> where the output repre-
sents the immediate perturbed direction of each cell. RegVelo,
however, encodes perturbation by directly changing the under-
lying regulatory circuits and simulating gene expression dy-
namics under the perturbed regulatory system. This forward
simulation allows for the prediction of nonlinear perturbation ef-
fects over latent time rather than focusing only on the immediate
first-order direction, which misses long-term consequences. We
demonstrated this by recovering early lineage drivers in zebra-
fish neural crest and validating TF perturbation predictions
across four lineages in vivo. Our results suggested GRN-infused
hybrid models may hold promise to be more robust on out-of-
distribution data than purely data-based generative models.'*”

Built upon veloVI, RegVelo is a flexible model that can easily
integrate additional modalities to overcome current limitations
in model formulation and assumptions. For example, incorpo-
rating metabolic labeling data or in vivo time-resolved scRNA-
seq data, such as Zman-seq, '“® enables the development of dif-
ferential equations to describe transcriptional regulation and
infer cell-specific kinetic rates, such as degradation.® Similarly,
CLIP-seq and DART-seq have provided insights into RNA-bind-
ing protein (RBP)-RNA interactions at the single-molecule
level,"* %% and combining such post-transcriptional gene-
gene interactions can improve the regulatory modeling among
different molecules and estimate cell-specific splicing rates.
Moreover, we and other existing frameworks typically assume

3792 Cell 189, 3773-3800, June 11, 2026

Cell

that gene expression depends on the abundance of upstream
RNA regulators rather than protein levels —integrating ribosome
profiling data enables modeling the translation process and
quantifying the protein activity of regulators, which enables a
more nuanced estimation of transcription rates.’®! Finally, ex-
tending the biophysical model of splicing kinetics beyond
mRNA toward chromatin and protein dynamics will lead to a
more complete and accurate description of the underlying pro-
cess, though integration remains challenging due to modality dif-
ferences and limited shared measurements.

Overall, RegVelo innovates transcriptome-wide dynamic
modeling from pure trajectory inference to uncovering causal
mechanisms involved during cell fate decisions. With this flexible
model as a prototype, we expect future extensions by incorpo-
rating additional regulatory layers at different molecular levels,
ultimately moving toward a more comprehensive and interpret-
able model capable of simulating and predicting cell behavior
and responses even more accurately.

Limitations of the study

While RegVelo demonstrates promising performance, several lim-
itations highlight opportunities for future improvement. First, as in
our previous work,'®'* RegVelo assumes that the global latent
time, obtained by averaging gene-specific latent times, may fail
to capture all gene-specific temporal dynamics and ignores the
geometric structure of the cellular temporal space. Therefore,
this limitation can be addressed by replacing gene-specific latent
times with a single, shared temporal coordinate system, but esti-
mating the initial expression value for each gene in each cell re-
quires additional regularization techniques. Second, the current
regulatory model is restricted to simple linear interactions and
does not yet incorporate TF activity inferred from sequence motifs
or multimodal data such as chromatin accessibility. Finally, our
bootstrap-based method for estimating regulatory uncertainty re-
quires multiple model runs, incurring substantial computational
cost. Future work will explore the integration of uncertainty esti-
mation within a Bayesian framework, such as Bayesian neural net-
works,'®? to produce more efficient, better-calibrated probabi-
listic estimates of GRN edges and improve downstream tasks,
including perturbation prediction.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Fabian J. Theis (fabian.theis@helmholtz-
munich.de).

Materials availability
Materials generated in this study will be made available upon reasonable
request from the lead contact.

Data and code availability

® The cell cycle, human hematopoiesis, and pancreatic endocrinogenesis
data presented and used in this study are publicly available via the orig-
inal publications; we provide additional access to each of these data-
sets and the zebrafish data via a figshare collection at https://
figshare.com/projects/RegVelo_reproducibility_datasets/226860. The
zebrafish data is available at https://tracks.stowers.org/compbio/
ucsc_cellbrowser/.
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o The following datasets generated in this study are publicly available: ze-
brafish Smart-seq3 data at GEO: GSE256009, zebrafish Perturb-seq
data at GEO: GSE256008, Sox10 biotin ChIP-seq and EIf1 CUT&RUN
data at GEO: GSE303928, and human head multiome data at Bio-
Project: PRUNA1214067.

® RegVelo is released under the BSD-3-Clause license, with code avail-
able at https://github.com/theislab/regvelo. Code to reproduce the re-
sults in the paper can be found at https:/github.com/theislab/
regvelo_reproducibility.

® Additional information required to reanalyze the data reported in this
document is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Fish husbandry and Smart-seq3 single-cell RNA-Seq

Animal experiments complied with UK Home Office protocols under the Animals (Scientific Procedures) Act 1986, and followed the
Guide for the Care and Use of Laboratory Animals.'®° All vertebrate animal research was conducted at Oxford University Biomedical
Services. Adult fish care followed established protocols, and embryos were staged using standard methods under an Olympus dis-
secting stereomicroscope. '©°

We generated Smart-seq3 data to complement the 10x multiome data used to reconstruct the cranial NC GRN.'°° Embryos were
harvested by crossing zebrafish lines Gt(foxd3-mCherry)®' 'R and Gt(foxd3-Citrine)ct110,'® incubating to the desired stages, and
dissociating with Liberase TM (Roche) for 25 minutes at 32°C. Cell suspension was filtered through 100-um strainers (PluriSelect),
and stained with 1-3 pg/ml DAPI. Live Citrine-positive (Citrine+Cherry-) and double-positive (Citrine+Cherry+) single cells were iso-
lated using fluorescence-activated cell sorting (FACS) on a Sony MA900 instrument.

To generate full-transcript-length, deep scRNA-Seq data, we prepared the Smart-seq3 libraries following the protocol.” During
FACS, cells were sorted into individual wells containing 3-pl lysis buffer dispensed by the MANTIS liquid handler
(FORMULATRIX). The lysis buffer consisted of 5% polyethylene glycol 8000 (Sigma), 0.1% Triton X-100 (Sigma), 0.5 U/ul RNAse in-
hibitor (TaKaRa), 0.5 pM OligoT30VN (IDT), 0.5 mM/each dNTPs (Thermo Fisher) and nuclease-free water (Thermo Fisher). Note that
these concentrations reflect their concentrations in the 4-pl reverse transcription reaction. The plates were briefly centrifuged, quickly
frozen on dry ice and stored at -80°C. In brief, the plates of sorted cells were transferred on dry ice from -80°C, incubated at 72°C for
10 min, and cooled down to 4°C. Quickly, 1 pl/well reverse transcription master mix containing 25 mM Tris-HCI pH8 (Invitrogen),
30 mM NaCl (Invitrogen), 2.5 mM MgCls (Invitrogen), 1 mM GTP (Thermo Fisher), 8 mM DTT (Thermo Fisher), 0.5 U/ul RNAse inhibitor
(TaKaRa), 2 pM TSO (IDT), 2 U/ul Maxima H-minus (Life Technologies) was added. The reverse transcription program was 42°C
90 min, 10x (50°C 2 min, 42°C 2 min), 85°C 5 min and 4°C hold. MANTIS added 6 pl/well PCR mix containing 1x KAPA HiFi
HotStart buffer, 0.3 mM/each dNTPs, 0.5 mM MgCl,, 0.5 pM forward primer, 0.1 pM reverse primer and 1 U/ul polymerase (Roche).
The PCR program was 98°C 3 min, 23x (98°C 20 s, 65°C 30 s, 72°C 4 min), 85°C 5 min and 4°C hold. These cDNA samples were
cleaned up by 0.6:1 AMPure XP beads and relocated into 384-well plates using FxP (Beckman Coulter), quantified by Quant-iT
PicoGreen (Invitrogen) on CLARIOstar (BMG Labtech), quality checked by TapeStation 4200 and High Sensitivity D5000 assays (Agi-
lent) and normalized to 0.3 ng/pl using MANTIS. Next, 150 pg/ul cDNA was tagmented by adding 0.5 pl Smart-seq3 in-house Tag-
mentation buffer (40 mM Tris-HCI pH7.5, 20 mM MgCl,, 20% dimethylformamide and UltraPure water in 4x buffer), 0.08 pl Amplicon
Tagmentation Mix (lllumina) and UltraPure water for a total reaction volume of 2 pul and incubating at 55°C for 10 min. The tagmenta-
tion was stopped by adding 0.5 pl of 0.2 % SDS and incubated at room temperature for 5 min. Then 1.5 pl Nextera index primer pairs
and 3 pl PCR master mix (1x Phusion HF buffer, 0.2 mM/each dNTPs, 2 U/ul Phusion HF) were added to each well of the tagmentation
product and the PCR program was 72°C 3 min, 98°C 3 min, 12x (98°C 10 s, 55°C 30 s, 72°C 30 s), 72°C 5 min and 4°C hold. The
libraries were pooled, cleaned up by 0.6:1 AMPure XP beads and sequenced on NovaSeq for 150-bp paired end reads (lllumina).

|.99

In vivo Perturb-seq of zebrafish neural crest development

To systematically validate RegVelo’s predicted perturbation effects, we implemented CRISPR-Cas9 knockouts and Perturb-seq as
previously described."°° Our Perturb-seq dataset on zebrafish neural crest development included knockouts of seven regulons: tfec,
mitfa, bhlhe40, tfeb, elf1, nr2f2, and nr2f5. For benchmarking, we combined this dataset with an additional one,%° resulting in 22
conditions: 14 single-gene, 5 two-gene, and 3 multi-gene knockouts. We generated Fg knockout crispants by injecting the mixture
of 250 ng/ul single guide RNAs (sgRNAs), 3.36 pM EnGen Cas9, and 0.05% phenol red into 1-cell-stage embryos from crosses of
Gt(foxd3-Citrine)°"'’° and wild-type lines. At the 21-somite stage, foxd3-Citrine-positive cells were isolated by flow cytometry.
Gene expression and CRISPR libraries were prepared according to the CG000510 Chromium NextGEM Single Cell 5’ v2 CRISPR
User Guide (Rev B, 10x Genomics) and sequenced on NextSeq and NovaSeq platforms (lllumina).

Whole-mount hybridization chain reaction (HCR) and phenotypic check

To visualize the mRNA in situ, we applied HCR'®” targeting certain mRNA in zebrafish embryos by following the ’In situ HCR v3.0
protocol’ for whole-mount zebrafish larvae from Molecular Instruments using the commercial hairpins, buffers, probes (Molecular
Instruments), or in-house probes (Sangon).'®” To quantify the lineage-specific knockout effects for each embryo, we generated het-
erozygous foxd3-mCherry-expression FO crispants by CRISPR-Cas9, and fixed the embryos at approximately 21 ss. We performed
the HCR of marker genes (e.g., mCherry for the NC lineage, colec12 for the mesenchymal lineage, dix2a for the pharyngeal arch line-
age, and mitfa for the pigment lineage) in the uninjected and knockout embryos in parallel. Hybridized embryos were embedded in
1% low-melting point agarose and imaged with the z-stack scanning on confocal microscopes (Zeiss).

Next, we segmented the cells for each z stack using Cellpose '®® with the cyto2 or in-house trained models. To specifically quantify
the lineage, four types of regions of interest (ROI) were drawn using the Napari Viewer for the facial mesenchyme (ROI1), pharyngeal
arch 2 (ROI2), the whole cranial pre-otic region for pigment lineage quantification (ROI3), and mNC_hox34 (ROI4). Images or ROIs
were excluded based on these criteria: 1) the embryo was not properly positioned and/or the ROl was not well captured by the field;
2) the channel quality was compromised by photobleaching, fluorophore degradation, or strong autofluorescence; 3) the embryo
morphology was not intact. After filtering, images were corrected for uneven illumination by subtracting the background with the
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radius of 20 to 50 pixel using OpenCV (https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops.html). We quantified the
mCherry (NC lineage)*colec12* cells in the ROI1 for the facial mesenchymal lineage, mCherry*dix2a* cells in the ROI2 for the pharyn-
geal arch 2 lineage, mCherry*mitfa* cells in the ROI3 for the pigment lineage, and mCherry*dix2a* cells in the ROI4 for the
mNC_hox34 lineage.

To check the phenotypes of wild-type and knockout embryos, we performed live imaging with MVX10 stereomicroscope
(Olympus). We tested the reliability of our phenotyping assay by knocking out sox70, whose homozygous loss of function can
lead to the colorless phenotype.'®® In the FO crispants, the pigmentation was reduced in most embryos between 36 and 48 hpf
(Figure S10F).

Sox10 biotin ChiIP-seq

To identify the Sox10 binding sites in zebrafish, we performed the biotin ChIP-seq experiment as previously described. ' In brief, the
Tg(Sox10-Avi-2A-Citrine) zebrafish line were generated by injecting 3 nL mixture of 4 pM crRNA:tracrRNA duplex, 2 pM Cas9 protein
(NEB), 300 mM KClI, and 50 ng/pL biotinylated dsDNA donor'’® into each 1-cell-stage embryo. Founders were screened by checking
Citrine fluorescence in F1 embryos under the MVX10 stereomicroscope, where we observed a strong Citrine expression pattern
resembling the endogenous sox10 expression. This suggests that the Avi tag and Citrine were correctly inserted in the C-terminal
of the Sox10 protein. BirA mRNA was transcribed from the plasmid pMT-sox10-NLS-BirA-2A-mCherry_Ras'** using mMMESSAGE
mMACHINE SP6 High Yield Kit (Ambient) and purified using RNA Clean & Concentrator (Zymo).

To collect samples for biotin ChlP-seq, Tg(Sox10-Avi-2A-Citrine) and wildtype fish was crossed, and embryos (N = 50-100) in-
jected with 160 pg BirA mRNA were homogenized at 10 ss, 14-16 ss, and 20-22 ss accordingly, '*° followed by fixation, sonication
by 4 cycles 30s ON/30s OFF on the Bioruptor Pico (Diagenode). Two biological replicates were processed for each developmental
stage group. The immunoprecipitation was conducted using the Dynabeads streptavidin M-280 (Invitrogen) after the pre-binding of
Dynabeads Protein A (Life Technologies), while 1/20 of the sample was kept aside as the input control for each immunoprecipitation
reaction. Following the intensive wash as previously described, '*° the sheared and immunoprecipitated DNA was purified, prepared
into sequencing libraries with 12 to 16-cycle amplification (12-13 cycles for the input control) using MicroPlex Library Preparation Kit
v3 (Diagenode), and sequenced on Novaseq (lllumina) with 150-bp paired end reads.

CUT&RUN

Cut&Run was performed as previously described by Skene and Henikoff, 2017, with minor modifications. A total of 150 embryos were
collected at 16 somite stage. The chorion was removed for all embryos prior to dissociation in 500 pL Accumax for 25 min. Cells were
pelleted at 600x g for 3 min at room temperature, washed twice in wash buffer 20 mM HEPES pH 7.5, 150 mM NaCl, 0.5 mM sper-
midine, 1x protease inhibitor tablet), and resuspended in 800 pL of wash buffer. Cells were bound to 80 pL of Concavalin-A beads for
10 min with rotation and distributed into 100 pL aliquots for the antibody condition. Two replicates per condition were included for
ELF1 and IgG controls. The samples were collected on a magnetic stand and incubated with 100 pL of antibody buffer (wash buffer
with 0.05% digitonin and 2 mM EDTA) containing primary antibodies (1:50 dilution; ELF1 bs-7042R, Bioss) for 12 h at 4°C on a ther-
momixer with 350 rpm.

The samples were spun quickly 100x g, beads were collected using the magnetic stand, washed twice with 200 pL cell permeabi-
lization buffer (wash buffer with 0.05% digitonin), resuspended in 50 pL of cell permeabilization buffer containing 2.5 L of pAG-
MNase fusion protein (700 ng/mL) and incubated 1 hour at 4°C on thermomixer with 350rpm. Samples were washed twice more,
resuspended in 100 pL of same buffer, chilled on ice to 0°C, and digestion was initiated by adding 2 pL 100 mM CacCl, for 1 h at
1°C on a thermomixer with 350 rpm. The reaction was stopped with 50 pL Stop Buffer (340 mM NaCl, 20 mM EDTA, 4 mM EGTA,
0.05% digitonin, 100 pg/ml RNase A, 50 pg/ml glycogen, 1:100 E. coli DNA spike-in) and incubated at 37°C for 10 min to release
CUT&RUN fragments from insoluble chromatin.

To collect the fragmented antibody-bound DNA, beads were collected by placing samples on the magnet and the supernatant was
transferred to new low-binding tubes. Chromatin proteins were digested with 1 uL 20% SDS and 2.5 pL proteinase K (20 mg/uL) for
10 min at 70°C. DNA was purified by 300 pL phenol:chloroform extraction, followed by 300 pL chloroform cleanup. The aqueous (up-
per) layer was transferred to fresh tubes containing GlycoBlue (2 mg/mL). To precipitate DNA, 750 uL of 100% ethanol was added and
incubated for 12 h at -80°C. Samples were centrifuged by 20 min 16,000xg and resuspended in 15 pL nuclease-Free Water. DNA
concentrations were measured with the Qubit fluorometer, and sequencing libraries were prepared.

Hindbrain scRNA-seq and single nuclei multiome sequencing

The curation of the multiome hindbrain dataset is as previously describe with expansion of data used in this study including
scRNA-seq libraries. Samples were obtained from donors in accordance with ethically approved study REC 96/085 (University of
Cambridge and Cambridge University Hospitals NHS Foundation Trust). Samples were transferred under a Material Transfer Agree-
ment and stored and processed in accordance with ethically approved study REC 22/PR/0630 (University of Oxford) on HTA-
licensed premises (license number 12433).
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Cells and nuclei from 12 embryos across 6 Carnegie Stages (CS14-19) were analysed using either the chromium 10X Next GEM
Single Cell Gene Expression v3.1 kit or the chromium 10X Next GEM Single Cell Multiome ATAC + Gene Expression kit. Libraries were
sequenced in accordance with 10X recommendations and processed with Cellranger v7.1.0. One library was rejected due to poor
median genes per nucleus.

Pooled libraries were demultiplexed into individual samples using genetic demultiplexing. To facilitate this, we generated bulk
RNA-seq libraries to demultiplex multiome samples and bulk ATAC-seq to demultiplex scRNA-seq multiome samples sequenced
to a targeted depth of 50 million reads. Variant calling and genotyping were performed in accordance with the GATK RNAseq short
variant discovery (SNPs + indels) pipeline. Multiome samples were demultiplexed using Souporcell within Demuxafy v2.0.1. Ambient
RNA was detected and removed using Cellbender v0.3.0. Doublets were detected based on genotype using Souporcell and sepa-
rately using scDblFinder both using Demuxafy v2.0.1. Six scRNA-seq and seven multiome libraries were annotated including refer-
ence to a previously published whole brain single-cell atlas,® using celltypist v.1.6.3 with the developing human brain (‘DHB’) model.
Annotated neuronal and radial glia populations were included for integration totalling 50,388 cells and nuclei with a final median genes
of 3034.

METHOD DETAILS

RegVelo model specification

Approaches for inferring RNA velocity models describe splicing dynamics through biophysical models like systems of ordinary dif-
ferential equations (ODEs)."”" Such models describe the transcription of precursor (unspliced) RNA u at rate a, followed by splicing
into mature (spliced) mRNA s with rate f; spliced mRNA degrades at a rate y, manifesting in the first-order approximation of a chem-
ical master equation for gene g as

_ dug(t)

ug = T = agu{tds} - ﬂgug(t) ( )
Equation 1

. dsg(t

$9= 290 _ puy(t) — 150(0)

where [;; .y denotes the indicator function and t is a switch time. Throughout this work, we assume Nc cells and Ng genes.

Previously, we have devised two different parameter inference schemes based on either Expectation-Maximization (EM) or vari-
ational inference (VI). In these frameworks, we assumed gene transcription during an induction phase (t < ts), followed by a repression
phase (t > ts). Although this dynamical modeling paradigm has enabled the recovery of biological insight, both models neglect gene-
gene dependencies and assume a piecewise constant transcription rate for each gene, thereby overlooking the dynamic changes in
the transcription rate itself. Biological systems fulfill these assumptions only approximately,>>'"? however, and exhibit more complex
dynamics, instead.

Upstream regulators govern gene transcription, a process neglected so far. To include these non-linear dynamics in our model of
transcriptional dynamics, we define gene- and cell-specific transcription rates ag, that we parametrize with a neural network a. In this
setup, we assume that mature mRNA of upstream regulators and a gene-specific base transcription rate describe the transcription
rate via

agn = h( ]N; Wess” + bg> (Equation 2)

where h is a nonlinear activation function, s e R’;’GO denotes the n-thsample,andby; € RandW ¢ RNe>Ne the base transcription
rate and gene regulatory network (GRN) weight matrix, respectively.

The GRN weight matrix represents gene regulation, informed by a prior gene regulation graph G, curated from public datasets like
cistrome®® or learned from single-cell, bulk epigenetic, or multi-ome sequencing data through GRN inference methods. We represent
the prior regulation graph G as a binary, skeleton matrix that encodes the interactions between transcription factors (TFs) and target
genes and provide two strategies for learning GRN structures from these priors: hard and soft constrained inference. In the case of
hard constraints, G restricts the non-zero entries of the weight matrix W to edges present in the prior graph, i.e.,

[ 0 ifGy=0,
Wik = {w € R otherwise’

Conversely, for soft constraints, we allow learning additional connections regularized by the prior graph G with
Ruior(W;G) = W (1 — G)|l,, (Equation 3)

to favor TF-target connections present in the prior; ® denotes the Hadamard product, i.e., element-wise product operation. The
soft constraint, thus, allows for correcting missing links in the prior gene regulation graph.

In a realistic biological system, cells often undergo several internal orthogonal processes simultaneously like cell cycle versus dif-
ferentiation, for example. In such cases, using a single latent time and a deterministic ODE system fails to model these biological
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processes jointly. Additionally, determining the number of biological processes and modeling them requires some prior information.
Thus, similar to scVelo and veloVI, we estimate gene-specific latent times f; and aim to identify a single latent time axis for each gene,
combined with a global regulatory function to best describe the observed data.

The velocity function, defined by Equation 1 and Equation 2, governs cell state evolution, inducing a continuous vector field (u,s).
Given an initial condition (ug,So), we simulate dynamics along each gene-specific latent time axis to estimate the integrated value for
each gene and each cell as

09 (tg) = Ug(0) + /O " lg(s(t,) . ulty) oty

59 (t,g) = 54(0) + /O " s, (s(ty) u(ty))dtty.

We simulate these state solutions for each gene efficiently through a parallelized numerical integration solver dopri5 implemented
in the torchode'”® Python package.
Model assumptions
We assume multiple time axes, representing different biological processes, but time-independent regulatory principles, i.e., a con-
stant GRN weight matrix W - a modeling choice that allows us to couple multiple gene dynamics. Similar to scVelo and veloVI, we
assume an initial gene expression of u(ty) = s(tp) = 0 att, = 0 and that each gene is on the same time scale. Here, we follow scVelo
and veloVI and set tmax = 20. Lastly, we define the nonlinear activation function h in Equation 2 as the softplus function

(Equation 4)

h(x) = log(1 + &),

thus assuming that TFs predict the transcription rate of target genes based on additive effects.

RegVelo generative process
As described above, we assume each gene has a specific latent time. We have already established in recent work that the inferred,
gene-specific latent times have a low-rank structure, implying that we can generate the latent time matrix from multiple independent
components that control cell dynamics. Therefore, our model does not only couple genes through a shared regulatory principle en-
coded by W but also, like veloVI, ties the gene-specific latent time via a local low-dimensional latent variable.

For each cell, we draw a low-dimensional latent variable z from an isotropic Gaussian, i.e.,

2" ~ N(0,1g),
where Iy denotes the d-dimensional identity matrix. Here, we use d = 10 dimensions throughout this study. We define the gene-
specific latent time as a function of this latent variable defined by

thg = [T(Z(m)]g’

with T : R?— (0, ‘I)NG parametrized by a fully connected neural network. Utilizing the time information, we derive the state solution
for each cell and gene through Equation 4. Finally, we assume that the conditional normal distributions parametrized by ¢

pg(ug’) |z<")> = Normal (U@ (tng). (a;)2>
Po (sé”) |z<”)) = Normal (5(9) (tog). <62>2)

generates the observed data. Here, 6 includes transcriptional regulation (W, b), kinetic parameters (5, y), and neural network
parameters.

Like veloVI, we consider the observed data {(s™,u™)|n € {1,...,Nc}} as nearest-neighbor smoothed expression data, which is
also used as input for scVelo. RegVelo, like veloVI, assumes that the smoothed spliced and unspliced abundances have been min-
max scaled to the unit interval [0, 1], independently for each gene. We also assume that the smoothed expression, representing an
average of random variables, follows a sampling distribution centered on a mean value and is approximately normal.

RegVelo inference

RegVelo aims to estimate the following parameters: (1) point estimates of kinetic parameters, including gene regulation weights sum-
marized in the GRN matrix, base transcription, degradation, and splicing rate constants; (2) point estimates of the parameters of all
neural networks; (3) a posterior distribution over the latent variable z, to model the underlying dynamic process. We use variational
inference to approximate the posterior distribution and estimate all other parameters by maximizing the evidence lower bound
(ELBO). Consequently, we model RNA velocity probabilistically by calculating it as a function of the variational posterior distribution
of latent variables.
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Variational posterior
We introduce the variational distribution g, parametrized by a neural network with parameter set ¢ to approximate the evidence func-
tion log py(u,s)

109(po(u15)) > ELBO(®, d:11.8) = — KL[Gy(2lu)|p(2)] + Eqyiusl0(Po(u.512))] (Equation 5)

by maximizing the ELBO. We assume independent samples, allowing us to factorize the distribution q,(z|u,s) and py(u,s|z) as

)T

Po(U,sz) = H e )Pa(s™]z™).

Dynamics regularization
RegVelo solves the dynamics through a numerical integrator, as the kinetic process is too complex to solve analytically. Avoiding
poorly conditioned dynamics improves the accuracy of numerical integration.'”* Therefore, we add penalties on the regularity of
the velocity function F : R?Me ~R?Ne to ensure smoothness.

Here, we define the regularity as the total derivative of the velocity function F with respect to time, i.e.,

dF(x)
at

using the chain rule and with x = (u,s) and the Jacobian matrix J(x). To simplify the dynamics, we regularize the Jacobian matrix
and velocity field to encourage small values: we use L2 regularization to penalize large entries of velocity entries, promoting a more
regular vector field, and L1 regularization to penalize large entries in the Jacobian matrix to foster sparse gene regulation. Therefore,
we define the regularization terms

= ViFX)F(x) = JX)F (x),

L jacobian = N Z || diag(sigmoide(Ws™ + b))W/||, (Equation 6)

Lvelocity = Z:C:1 ||SOftp|uS°(WS<n) + b) - ﬁum)”b (Equation 7)

where, diag and sigmoid denote the operator to convert a vector into a diagonal matrix and the sigmoid activation function, respec-
tively, and - the operator to apply a scalar function component-wise. As the complexity of gene dynamics in our model stems primarily
from gene regulation, we only regularize the Jacobian matrix and the unspliced RNA velocity to focus on aspects directly influenced
by regulation.

Further, assuming that upstream regulators govern each gene transcription fully, we penalize large values of base transcription
b with

Lbase(b) = ”b +b*||27 (Equation 8)

to keep the transcription rate near zero when upstream regulation effects diminish, i.e., Ws = 0. We fixed b* = 10 in this model.
Finally, we define the dynamic regularization loss function as the sum of L jacobian, Lvelocity @Nd Lpase-
RegVelo’s objective function
Combining Equation 3, Equation 5, Equation 6, Equation 7, and Equation 8, our objective includes the three parts

L(97 ¢; uys) = — ELBO(@, @; Uys) + A4 Rprior(W§ G) + A2 L jacobian (9§ S) + Lvelocity(a; Uys) + Lbase(b)7

prior regularization dynamics regularization

with tunable hyperparameters A1 and A,: 11 controls the strengths of adding prior knowledge and A, governs the strengths of the L1
regularization of the Jacobian; increasing 4, promotes greater sparsity in the learned GRN. By default, we set 41 = 1and 4, = 0.
Network architecture and optimization
All neural networks are fully connected feedforward networks, with ReLU activation functions for hidden layers and softplus-trans-
formations of the last layer to enforce non-negative kinetic parameters. We initialize the weight matrix W as a zero matrix, kinetic
parameters, including splicing and degradation rates, as a constant values, and base transcription b and all neural network param-
eters through the default implementation in PyTorch (torch.nn.init.xavier_uniform_); following veloVI, we initialize a unit splicing rate
and estimate degradation based on a steady-state assumption. We use stochastic gradients along with the AdamW'"® optimizer to
optimize the loss function.

Related work

Recently, several studies have explored integrating GRN with RNA velocity to better understand cellular dynamics. Below, we briefly
describe each method and highlight how they differ from our proposed framework, RegVelo.
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scKINETICS
scKINETICS'"® proposes a statistical framework to jointly estimate gene regulatory networks and gene expression velocity. It models
changes in gene expression using a simple linear system:

v = Ax.

where x denotes the expression vector of all genes (both targets and TFs), and A represents the regulatory weight matrix, i.e. GRN,
with A; describing the effect of expression of TF j on target i. The method does not solve the system directly. Instead, it treats v as a
latent variable and applies an EM algorithm to iteratively infer both v and A. The inferred regulatory matrix A is then used to define cell
velocities.

Notably, scKINETICS does not estimate latent time, solve a full ODE system, or generate gene expression. This model is limited to
estimate GRN matrix A and does not incorporate splicing and degradation kinetics.

TFvelo
TFvelo,* like scKINETICS, jointly infers a GRN and expression velocity via EM framework. It introduces two key improvements
compared to scKINETICS. First, given a target gene g, TFvelo assumes that the RNA velocity % is determined by the expression

level of involved TFs Xy € R"*1 and the target gene expression itself Yg, ntr denotes the number of TFs. For each gene, TFvelo
models cell velocity by considering the regulation term and the degradation term y:
dyg(t)

“at WXy (t) — rg¥e(t)

Second, instead of treating velocity as the latent variable, TFvelo applies a gradient matching-like methods'’” by first fitting time-
dependent target gene expression with parametric function (e.g., sine function), and then differentiating them with respect to time to
approximate gene-wise velocity. This reformulates the velocity equation as a simple regression problem, enabling inference of the
GRN matrix W directly.

Despite these improvements, TFvelo does not incorporate a biophysical model of splicing dynamics or solve the underlying ODEs
in a generative framework.

Velorama

In contrast to above approaches, Velorama'“® does not estimate RNA velocity directly. Instead, it leverages either RNA velocity vec-
tors or pseudotime to construct directed acyclic graphs (DAG) that capture the temporal ordering of cells. It then infers GRNs using
Granger causality along the DAG structure. In this way, Velorama focuses on learning regulatory interactions guided by directional
information rather than modeling RNA kinetics.

Relation to RegVelo

Our approach RegVelo builds on a variational inference framework'“ to jointly infer each cell’s latent time, RNA velocity and GRN.
Compared to listed methods, RegVelo is the only method to directly integrate the original RNA velocity framework ' with gene regu-
lation through a biophysical model of transcription and splicing. Unlike scKINETICS and TFvelo, RegVelo explicitly solves the full sys-
tem of ODEs with numerical solver, allowing for generative modeling of gene expression and capturing dynamic behavior across
lineages.

Moreover, RegVelo leverages the CellRank'®"” framework to connect inferred gene regulatory mechanisms with cell fate proba-
bilities, enabling a more interpretable and principled connection between regulatory dynamics and lineage decisions. While scKil-
NETICS and TFvelo approximate regulatory dynamics and velocity, they do not support simulation of perturbed gene expression.
Although scKINETICS proposes a concept of TF-wide in silico perturbation screening based on TF activity, it lacks a systematic
framework to interpret perturbation effects across lineages.

Downstream tasks

Fitted abundance value

Let u*(n) and s*(n) be the random variable representing posterior predicted abundance values for unspliced and spliced RNA in cell
n, respectively. We denote their posterior distribution by p(u*(n)|u™,s™) and p(s*(n)|u™,s™) and define as

P(u*(n)|u(n),s(n)) _ /pg(u*(n)|2("))(2<">|u<”),S<”))dz

The fitted values for unspliced and spliced abundances are the means of these posterior distributions, i.e., E,: n)um so) [U* ()] and
(s*(mut s [S¥ ()], respectively. We estimate the mean value by sampling from the posterior distribution and taking the average.

Ep
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Gene-wise latent time

We compute latent time for each gene and cell as Eq, 0y sim) [Tz )g] and estimate the expectation value by Monte Carlo sam-
pling,"”® where we sample from the posterior distribution of z" before calculating the average value of T(z(")
RNA velocity

We define the velocity of a specific gene in a particular cell as the function depending on the latent variable z(. To sample the velocity
from the latent posterior distribution, we

g

1. sample 2™ from g,z |u™ s™),
2. calculate the latent time t,g = T(z<”))g,
3. compute velocity in gene g and cell n using

Van = Bl (tan) — 145 (ton)

These steps provide velocity samples from the posterior predictive velocity distribution.
Velocity uncertainty estimation
As a variational inference-based model, veloVI' defines an intrinsic uncertainty method to quantify uncertainty in each cell through
sampling velocity vectors from the posterior distribution and calculate the variance of the cosine similarity of the samples; as an
extension of veloVI, RegVelo follows the same approach.
Representing the underlying GRN
The gene regulation function (Equation 2) describes the regulation of unspliced RNA abundance of upstream regulators. We approx-
imate the gene regulation function in the neighborhood of a specific s, by first-order Taylor expansion

softplus o (Ws + b) ~ softplus» (Ws™ + b) + diag(sigmoid - (Ws™ + b))W(s — s™).
The coefficient of the first-order term denotes the strength of linear regulation. We define the GRN for cell n as
diag(sigmoid - (Ws™ + b))W.
To define cell type-specific GRNs, let S(c) denote the set of cells of type ¢
> e s diag(sigmoide (Ws? + b))W.
Estimation of uncertainty in gene regulation
We estimated uncertainty of regulatory weight Wby training the model multiple times (N) to the same input data and aggregating the

resulting regulatory matrices, denoted as {W® W@, ... W'}, where each W0 € RMe*Ne and Ng is the number of genes.
For each putative edge from transcription factor j to target gene k, we define the normalized uncertainty score as:

median{| W — Wi, (W& — W, ...
|W]’k‘+£

VVI»S(N) — W/’k‘}+6‘

Up =

where W = median{ij), W]-(,f), . VVI.S(N)} is the median edge weight, and ¢ is a data-dependent constant added for numerical
stability, computed as the 10th percentile of all absolute median weights |ij|. This quantity reflects the relative variability of
edge weights across runs. Small values of Uy indicate stable and reliable predictions; higher values suggest greater uncertainty.
Therefore, In the inferred GRN, we characterize each edge with two values: the value in the Wmatrix denotes the direction and
strength of the TF-gene regulation, and the corresponding bootstrap uncertainty value serves as the confidence level of that regu-
latory edge.
Evaluating calibration of bootstrap based uncertainty
We followed a previous study to evaluate calibration.’”® Specifically, we created ten cumulative bins corresponding to the lowest
10%,20%, ...,100% of estimated uncertainty values and assigned point estimates of TF-gene interactions to these bins based
on their uncertainty. For each bin, we calculated overlap AUPRC and AUROC using the corresponding gold standard, considering
only interactions present in both the bin and the gold standard. We used cumulative binning because non-cumulative bins could
include very few gold-standard interactions, which would make AUPRC and AUROC estimates noisier.
Simulation of perturbation effects
RegVelo generates cell dynamics based on gene regulation. By modifying the learned GRN in a trained RegVelo model, we simulate
the in silico perturbed dynamics. Assuming we want to perturb the function of the TF / in a system, we mask the corresponding col-
umn of the weight matrix to generate a perturbed weight matrix
v Wi, ifk#1,
Wik = { 0 ifki I
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The perturbed weight matrix defines a velocity function for numerical integration and induces a perturbed velocity v*. We system-
atically compare the perturbed velocity with the original fitted velocity v using the following metrics:
Local perturbation effects
We define the perturbation effects on each cell by computing the cosine dissimilarity

1 — cos(v*,v).

Cell fate perturbation effects

We quantify the perturbation effects on cell fate decisions by passing the different velocity estimates to the typical CellRank workflow:
using the VelocityKernel in CellRank and assuming m terminal states, we define the original cell fate probability matrix I7 € R¥¢*™ and
perturbed probability matrix I7* € RNe*™ where each row represents a cell, and each column represents a terminal state. We can
formulate the cell fate perturbation effects for the k-th terminal state as the t test statistics

2
Nc
with sample means of fate probabilities toward the k-th terminal state 7%, and 1, and the pooled variance S? of the cell fate prob-
abilities. To further quantify the depletion likelihood of each TF to the terminal state k, we used the normalized Mann-Whitney U
statistic

|
S S (> ),

where [(1I(n) > IT*(n*)) denotes the indicator function

1(1(n) > IT"(n")) = {(1) ifiSYI(YfSS)); 117;*(:;*))~

This statistic quantifies the probability that, in the predicted perturbation case, the cells will have lower cell fate probabilities toward
the terminal state k than in the original unperturbed case.
Cell density perturbation effects
While depletion likelihood quantifies changes in fate probabilities, it does not reflect alterations in cell densities at terminal states. To
address this limit, we introduce a complementary method to measure density shifts. Specifically, we use CellRank’s VelocityKernel to
compute two transition matrices: one from the original (control) velocity field, and one from the perturbed velocity field. For each ma-
trix, we simulated random walks, starting from the initial state set Cqart. After a fixed number of steps Ng, we record the frequency with
which each terminal-state cellj € Cim, is reached. These simulations are repeated Ng times to gain statistical properties.

Let hg) denote the number of times the terminal cellj is visited across all simulations under the original vector field. The predicted
density pg) for terminal cell j in the control condition is defined as:

()
P
NR"Cstar‘t‘

Similarly, let /)g) denote the predicted density under the perturbed vector field. To quantify the effect of perturbation on terminal cell

j, we compute the density change likelihood using a scaled Boltzmann factor'®°:

P Py — p?
Ap k k]

;
smooth, bounded likelihood that captures the effect of TF perturbation on terminal-state cell densities, analogous to MELD likelihood
in Perturb-seq data. We simulated Ng = 1000 random walks overall, each terminated after Ng = 100.

Cell differentiation potential score

Consistent with previous studies defining the differentiation potential (DP) score,'® we define a cell’s DP as the entropy calculated
over the matrix of cell fate probabilities.

where ¢ denotes the Sigmoid function, and scaling factor k = normalizes simulation variability. '®' This formulation yields a

DP, = — Z:: 1 Mo log, (Hn:k)'
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Benchmarking metrics

Velocity inference

We assess inferred velocities based on the average Pearson correlation between the ground truth and predicted gene velocity.
Velocity estimation consistency

To assess the robustness of RNA velocity estimates across varying sequencing depths, we introduce the concept of velocity esti-
mation consistency VEC, defined as the average pairwise correlation of cell velocity estimates across different sequencing depths:
Let D = {D1, Do, ..., Dy, } be the set of datasets with different sequencing depths; let v,((’7> e RMs denote the velocity vector for cell nin

dataset Dy. For each cell n and pair of datasets (j, k), we then compute the correlation between the corresponding velocity vectors
and take their average to find the velocity estimation consistency score VEC, i.e.,

_ 2 m
VEC() = Np(Np — 1)Z1§/<ki’\’ncorr(v/ Vi )

Latent time prediction
We define the latent time z, of cell n as the mean value of its gene-specific latent times, i.e.

1 Ng
™ = N—GZg:1 tngy

where t,y denotes the latent time value in cell n and gene g. The aggregation of gene-level latent times into a cell-level or global
latent time assumes that gene-specific temporal dynamics lie on a shared low-dimensional manifold; both RegVelo and veloVI infer
these time estimates on the gene level jointly within a shared latent representation (z), thereby constraining the overall dynamics to
this manifold. Under this assumption, averaging the gene-level times provides an approximation of a cell’s progression along the
latent trajectory.
Global pseudotime inference
The means over gene-specific latent time denote a local summary statistic of each cell. To compute a global, i.e., cell-level, pseu-
dotime that reflects the overall position of each cell along the manifold of the fitted dynamics, we devised a graph-based global latent
time ordering methods based diffusion pseudotime (DPT): we first compute pairwise distances d between cells j and j based on the
correlation of their gene-specific latent time vectors, specifically:

dj =1 —corr(t;,,t.).
From this distance matrix, we construct a k-nearest neighbor graph K to define a transition matrix P as

> kK

The diffusion map embedding ¥(n) of cell n is then defined as

Pj

T(n) = (11(/)1(17),...7ﬂ,d(pd(n)),7)(/)€ = j"6(/7676 = 071a--'>d'

Here ¢, is the ¢-th eigenvector, 1, € [0, 1] its eigenvalue, and d denotes the number of the diffusion components. Finally, the global
pseudotime 7, of cell n is the distance to the root cell r in diffusion space, i.e.,

@ = [[¥(n) — ¥l

Here, we selected the root cell as the cell closest to the initial states (f; = 0) across all genes, by minimizing mean squared
distance:

o1 N 2
r = arg mlnnN—GZgi1 (tg — 0)".

GRN inference

We benchmarked the GRN inference based on the area under the receiver operator characteristic curve (AUROC) using a set of
ground truth TF-target connections E* with scikit learn’s roc_auc_score function.'®® Specifically, we defined the ROC curve using
the following procedure:

1. Rank all possible TF-target pairs (j, k) based on the absolute value of their predicted edge weight W in the inferred GRN.
2. for the TF-target pair (j,k), we define the ground truth label y(j, k) as
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3. for thresholds 7 € [rmin, 7max], We define the true positive and false positive rates based on the estimator

[0 Wy <¢
Yi:Kle) = {1 if Wy | >7

Here, we chose

Tmin = minj,ke(1,...NG}|VV/,k|
Tmax = MaXjke {1, .Ng} Wil

Parameter identifiability

Variational inference is sensitive to the parameter initialization because the ELBO is a nonconvex objective function.'®® We, thus,
ensured the stability of estimates like the velocity, latent time, or gene regulatory network under different initialization by measuring
the correlation of the estimates for each cell across multiple model runs. Here, we ran each probabilistic model overall five times and
relied on Pearson correlation for all estimates except latent time where we computed the Spearman correlation to account for the
ranked nature of the feature.

Velocity consistency

We expect the inferred vector field to be coherent in a uni-directional trajectory such as the cell cycle. We quantify a consistency
score ¢ for each cell n as the mean correlation of its velocity v(" with its neighboring cell velocities, i.e.,

1 n
40 = e a2 1)

where N'(n) indicates the neighborhood of cell n and corr the Pearson correlation.
Cross-boundary correctness
Predicted cell state transitions need to align with ground truth cell state changes. Assuming we know the correct transition from a
source cluster C4 to target cluster Cg, we use the cross-boundary correctness (CBC) score to evaluate if our velocities align with
the correct direction.

To compute the CBC score, we first identify the boundary between C4 as Cg as the set of all cells in C4 with at least one neighbor
in Cg

{n € Cald € N(n):j € Cs}.
We then define the heuristic velocity vﬁ‘hlB(n) of observation n € Ca as

™ () = 1 o
Vane() = (AS N(n)mCB}|ZfeN<n>mca(Xf ).

Following, we calculated the CBC score as the Pearson correlation between the inferred velocity v(™ and heuristic velocity vﬁmB (n).

This score assesses the forward transition accuracy; we denote it as CBC" (n).
This definition of the CBC score only quantifies if the velocity of boundary Ca cells correctly points to their target state but fails to
capture Cg observations pointing toward their ancestor state. To quantify this incorrect flow, we consider the heuristic velocity from

Cg to C4 and defined the backward CBC score cBc® (n) as
CBC®™(n) = — corr(v™, vy ,(n)),

with Pearson correlation corr.

Intuitively, the forward CBC quantifies how well the predicted velocities align with the expected transition from a source cluster Ca4
to atarget cluster Cg, thereby reflecting agreement with the correct direction of progression. In contrast, the backward CBC evaluates
how strongly velocities in the target cluster Cg point away from the source cluster C4, such that higher backward CBC indicates fewer
reverse transitions. An ideal velocity field is characterized by high forward CBC, indicating correct directional progression, and high
backward CBC, indicating the reduced biologically implausible backflow. Together, these metrics provide a complementary assess-
ment of both the alignment and directional correctness of velocity predictions.

Terminal state identification

CellRank'®'" infers terminal states based on state change estimates combined with Markov chain theory. To benchmark different
trajectory inference methods we rely on CellRank 2’s terminal state identification'” (TSI) score that quantifies how faithfully a method
allows the recovery of terminal states with increasing number of macrostates that represent regions of the phenotypic manifold that
cells are unlikely to leave. Given the ground-truth dynamics, CellRank recovers all terminal states of a given system and one terminal
state for each macrostate considered.

We quantified TSI performance through the TSI score introduced by CellRank 2. First, we used CellRank’s VelocityKernel « to es-
timate cell-cell transition probabilities based on the inferred RNA velocities and subsequently defined macrostates and identified ter-
minal states. We represented the predicted terminal states as the macrostate with stability exceeding the threshold z. Then, for each
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kernel matrix built upon the velocity estimates, we considered the step function f, that maps the number of macrostates to the num-
ber of correctly predicted terminal states. Considering m terminal states, an optimal method identifies terminal states according to

. B ifj<m
fopt(J) = { ,47 ifjlz m.

Based on these definitions, we calculated the TSI score as the area under the curve f, relative to the area under the curve f,. We
calculated the TSI score for thresholds z taken from 20 evenly spaced values of the unitinterval, i.e., z = 2/—01 e {0,...,20}. Finally, we
relied on a one-sided Welch'’s t test to identify the significantly best TSI performance.

Cell fate estimation consistency

To evaluate the robustness of cell fate predictions under varying sequencing depths and lineage complexities, we define the cell fate
estimation consistency F as the agreement of fate probabilities across corresponding cells in dataset variations
D = {D1, D>, ..., Dy, } of varying sequencing depth or lineage complexity; we assume consistent cell ordering across the Np data-
sets. Let 71 € RMe*M denote the cell fate probability matrix for dataset D; across Niex. lineages. For each dataset pair (D;, Dx) and
lineage ¢ we then compute the cell fate estimation consistency F(j, k) as

Folik) = p(. 1Y),

with Spearman rank correlation p.

Gene ranking score

Each approach for inferring cellular dynamics allows identifying and ranking potential lineage-associated genes of every lineage with
CellRank or, to compare to competing approaches, by relying on least action path (LAP) analysis. To assess this ranking, we curated
a list of known lineage markers and regulators that an optimal method would rank the highest. Therefore, following the CellRank 2
method comparison workflow, we evaluated the performance of each method as follows: first, consider a lineage, a set of known
lineage-associated genes D, and a method m. Each method m assigns a ranking to a gene g € G, denoted by r(™(g), and, for
each threshold T € {1,...,|G|}, we counted how many lineage-associated genes rank among the top T genes with

¢"(T) = {gIr™(g) <TAg € D}|.
Next, to quantitatively evaluate the rankings, for each method m, we computed the area under the curve

G|

AUC(m) = Y " ¢™(T).
Since an optimal method ranks the lineage-associated genes highest, its AUC™ is

IDI(IDI+1)
2

AUC" - +(G| - D).

Finally, we evaluate the performance of methods relative to an optimal ranking through

AUC(m
AUC,(m) = Té*)'

Hyperparameters sensitivity analysis
We have benchmarked our model’s sensitivity to both regularization parameters under the setting soft_constraint=True, using a data-
set simulated with dyngen and different versions of the corresponding GRNs as a prior: by systematically corrupting the ground-truth
network skeleton at varying rates (0.2, 0.4, 0.6, 0.8, and 1.0), we created ten prior GRNs for each corruption setting. For each cor-
ruption level, we applied RegVelo to infer model parameters across a range of regularization magnitudes at 10-fold increments (10~ 4,
10-3,10°2,10"1, 1, and 10).

Additionally, we created two datasets with different numbers of terminal states to account for the effects of lineage complexity:
Dataset 1 (two terminal states) and Dataset 2 (nine terminal states). We systematically evaluated the models using several down-
stream metrics, including velocity, latent time, GRN inference, and model identifiability.

Selecting appropriate model using side information

RegVelo is required to define hyperparameters including soft_constraint and two regularization parameters. The soft_constraint
parameter determines whether the model freezes the GRN based on the prior skeleton (False) or allows it to be updated (True).
Both regularization parameters are used only when the model updates the GRN (soft_constraint=True).

To tune these hyperparameters on real datasets, we recommend selecting optimal values based on the predictive power of the
estimated kinetic features (e.g., velocity and latent time) relative to known side information, such as pseudotime, developmental
stage numbers, cell stemness, terminal states, and cell state transitions. Specifically, we used the following metrics to guide model
selection.
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Time prediction
Suppose we know the pseudotime or developmental stage, denoted as tyseudo and trea respectively, we assess how well the esti-
mated latent time correlates with the known time using Spearman correlation:

/7(?7 treal) or /)(? tpseudo) s

where t denotes the RegVelo estimated cell specific latent time.
Stemness prediction
Given established cell differentiation potential or stemness scores, we compute the Spearman correlation between these values and
the cell DP scores derived from the cell fate probability matrix obtained using the VelocityKernel in CellRank.'’
Dynamics prediction
Suppose we know the correct terminal states and cell state transitions. We used TSI'” and CBC'” respectively to evaluate how accu-
rately that model predicted known dynamic side-information.

Evaluating the impact of the GRN on dynamics inference

We developed two baseline models based on a pre-trained RegVelo model to assess the significance of GRNs in velocity inference.
We created the first baseline, the random GRN model, by shuffling the estimated GRN from the pre-trained RegVelo model and used
it as input for a new model. We retrained the original and new model but kept the GRN fixed. This approach allows assessing how the
regulatory network affects the model’s cellular velocity and latent time estimates.

In the second baseline model, the remove GRN model, we removed all regulatory influences. As with the first baseline, we fixed the
modified GRN and trained the model until convergence. This model served as a control to evaluate the impact of entirely omitting
regulatory information on velocity inference.

We quantified the performance of these baseline models compared to the original RegVelo model by calculating the CBC score
and the Spearman correlation of latent time estimates with ground truth. To gain statistical significance, we repeated this process 30
times for each model and used the Wilcoxon signed-rank test to compare the original model with each baseline, i.e., original versus
random GRN and original versus removed GRN. This evaluation allowed us to determine the critical role that GRNs play in accurately
modeling cellular dynamics.

Robustness to prior GRN estimates

RegVelo relies on a prior gene regulatory graph, and since this prior knowledge is usually inaccurate, the method must be robust to
such imperfections. To assess the robustness of our method to inaccuracies in prior gene regulatory graphs, we utilized dyngen-
simulated datasets*' as described in the Datasets section. Following, we generated corrupted prior gene regulatory graphs by
randomly replacing different fractions of existing gene regulations with nonexistent ones based on the original gene regulation graph
used in the dyngen simulations.

We simulated five levels of corrupted fractions {0.2,0.4,0.6,0.8,1.0}, each generating five different corrupted prior graphs to ac-
count for corruption randomness. We ran RegVelo with each of these corrupted prior graphs and evaluated performance based on
the AUROC score of the inferred GRN, and velocity and latent time correlation. We used these metrics to determine how well RegVelo
maintained accuracy and reliability despite the corruption in the prior knowledge.

Evaluating the impact of the prior GRN and learned edge weights on driver prediction
During RegVelo driver prediction, there are two factors that play an important role: the prior GRN structure and the RegVelo learned
edge weights from datasets. In the first comparison, to assess the impact of prior GRN structure to the driver ranking in RegVelo, we
trained the RegVelo model while keeping the GRN fixed as the binary prior GRN. At the same time, we generated a randomized GRN
by randomly shuffling the connections between TFs and target nodes. We then trained both models and evaluated the resulting driver
ranking.

In the second comparison, we assessed the effects of RegVelo learned edge weight. We developed three models to compare with.
In the first baseline model, we trained the RegVelo model with the GRN fixed as the prior GRN skeleton, using edge weights learned
by SCENIC+. In the second model, we trained a full version of RegVelo, allowing it to learn the edge weights. In the third model, based
on the trained RegVelo model, we shuffled the learned edges on the skeleton to create a randomized baseline.

After training all RegVelo models, we simulated the perturbed dynamical systems and calculated the depletion likelihoods to rank
lineage driver genes. We quantified the performance of driver ranking using AUROC. Each model category was trained ten times to
account for randomness.

Quantifying perturbation effects

Dynamo-based perturbation prediction

To perform perturbation prediction with dynamo,?® we followed the corresponding tutorial provided in the Python package’s docu-
mentation. In the first step, dynamo estimates cell velocities; we used dynamo.tl.dynamics to estimate kinetic rates and used
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dynamo.tl.reduceDimension to perform the dimensional reduction. Next, we used dynamo.tl.cell_velocities with argument ba-
sis="pca’ to project cell velocities to the PCA space. We further learned a vector field function based on this projection with dyna-
mo.vf.VectorField with argument basis="pca’.

Dynamo provides two methods to simulate perturbation effects: KO or expression perturbation. For KO-based perturbation simu-
lation, the method directly removes the regulation of the TF through masking the Jacobian matrix and generates a perturbed vector
field. To assess downstream perturbation effects, we first used the dynamo-inferred velocities and used dynamo.pd.KO with argu-
ment store_vf_ko=True to predict the velocities after perturbing a certain TF, we then applied our cell density perturbation scoring
method using the original and perturbed velocity fields.

For expression perturbation-based simulations, dynamo estimates perturbation effects by simulating perturbed gene expression
and calculating the perturbation shift matrix, corresponding to the difference between the perturbed and the original gene expres-
sion. We computed the perturbation shift matrix on each cell through dynamo.pd.perturbation and quantified the perturbation score
on each cell as the inner product between the perturbation shift and velocity matrices. Finally, we calculated the average perturbation
score within each terminal cell type.

CellOracle-based perturbation prediction

To perform perturbation prediction with CellOracle,?® we followed the tool’s tutorial: after defining the oracle object with oracle = cel-
loracle.oracle(), we injected the base gene regulatory graph via oracle.import_TF_data, calculated the PCA representation through
oracle.perform_PCA and performed gene expression imputation with oracle.knn_imputation. Next, we estimated a GRN for each cell
type with oracle.get_links and set the regularization parameter of Bayesian ridge regression alpha=10 to prevent overfitting during
GRN inference. Finally, we filtered edges of the GRNs with links. filter_links and fitted the GRNs for perturbation simulation by
oracle.fit_ GRN_for_simulation.

To perform TF perturbation simulations with CellOracle, the method requires a pseudotime-based reference vector field defined in
2D space. We used Gradient_calculator to calculate the reference gradient based on a pseudotime or latent time inferred by velocity
models. We then defined grid points with gradient.calculate_p_mass and gradient.calculate_mass_filter and projected the reference
gradient onto the grid points using gradient.calculate_gradient. For each TF, oracle.simulate_shift simulated the shift vector, and or-
acle.estimate_transition_prob estimated the cell transition probability matrix; we relied on n_neighbors=30 neighbors and calculated
the shift matrix in PCA space with oracle.calculate_embedding_shift. Next, we calculated the inner product between the perturbed
shift vectors and reference velocity vectors in 2D space with calculate_inner_product and calculate_digitized_ip. Finally, we calcu-
lated the perturbation score within each lineage using get_negative_PS_p_value.

Data simulation

Toy simulation

We simulated a toy GRN containing six genes and three toggle switch network motifs (Figure S1A): following a previous simulation
method based on Hill functions,'®* we used 12 stochastic differential equations (SDEs) to describe regulatory OR-gate dynamics
among six genes A, B, C, D, E, and F, where toggle switches positively regulate each other.

dup = -W — ﬂAUA(t):| at + csdW;
dsa = VfAUA(t) — yASA(t)]dt+0'Sth
_ s
dug = |[——— — t)|at aw;
Us TS Baus( )} +osdW;

dss = [feus(t) — yBsB(t)]dt+adet
dug = |a sa®” — Bou. (t )|t + osaW,
¢ L™ \sa®™ +&-  sp "’+x” cre R
dsg = CLI(;(t) — }’CSC t)]dt+o’det

i')h+ + & sc( t +xh

— Peue(t) | dt + osdWidse = [feue(t) — yese(t)|dt + osdW
-kl -+ ih

sa(t) ]
dup = amax< A" ) BoUn(t) | dt + 6sdWrdsp = [Boun(t) — 7pSp(t)|dt +osdW;
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with dW; ~ N(0, 1) independently and identically distributed, and o5 denoting the system noise level; based on a previously sug-
gested noise level setting, we set 65 = 1 for simulation. k represents the dissociation constant set to x, = 4 for activationandx_ = 2
for inhibition. For hill coefficients h, we used h, = 2 and h_ = 2. These parameters result in a system that generates highly variable
gene expression dynamics across all six genes, enabling us to study the effects of gene regulation.

We then simulated a time vector with 1500 Poisson-distributed time steps with parameter 1 = 1 as suggested by scVelo. To align
with scVelo’s parameter simulation strategy, we sampled kinetic parameters 0 = (amax, ,7) from a log-normal distribution where
log(#) ~ N (u,X). We set u = (5,0.5,0.125) and defined a symmetric covariance matrix

042 04202 04202
> = (04202 04% 04208
0.42.02 04%.08 0.4?

We simulated the dynamics with the SDE solver torchsde'®® with the Euler-Maruyama method'®® and sampled parameters and

time values 100 times to generate 100 datasets under different conditions.

Dyngen simulation

Dyngen”' allowed us to simulate gene expression dynamics in different ways with high-dimensional GRN and consider the effect of
translation processes. To use dyngen for benchmarking, we followed the tool’s tutorial with default settings to perform a single-cell
dataset simulation. We simulated single-cell datasets with a bifurcating trajectory by setting the backbone through backbone <-
backbone_bifurcating(); we considered the GRN and RNA velocity simultaneously by setting compute_cellwise_grn=TRUE and
compute_rna_velocity=TRUE.

Following the guidelines in the dyngen tutorial, we simulated datasets with varying lineage complexity by tuning the modification_
points simulation parameter. We used four values {1,2, 4,6} which generated simulated scRNA-seq datasets with 1, 3, 7, and 9 ter-
minal states, respectively. To mimic real datasets, we simulated a limited number of regulators, randomly ranging from 50 to 80, and
800 target genes. In total we have simulated 1000 cells per dataset. This setup enabled us to benchmark methods across different
levels of lineage complexity and perform a comprehensive evaluation. For each parameter setting, we generated 30 distinct datasets
to account for simulation variability.

Simulating shallow sequencing depth

To simulate shallow-sequencing depths, we collected BAM files from Smart-seq3 datasets. We then used SAMtools view to down-
sample a specified proportion of total reads from each BAM file through the -s parameter with values {0.05,0.1,0.3,0.5}. For each
proportion, we then ran velocyto using the command velocyto run with the mm10 reference annotation'®” to generate.loom files con-
taining both spliced and unspliced read counts.

QUANTIFICATION AND STATISTICAL ANALYSIS

General processing

We conducted all analyses using Scanpy v1.10.3'°® and scVelo v0.3.2,"® using default parameters unless specified otherwise. We
applied scVelo to filter out genes expressed in fewer than ten cells in the spliced and unspliced counts before normalizing their gene
expression. If not stated otherwise, we selected the top 1000 highly variable genes (HVGs) based on gene dispersion parameters. We
performed these filtering and normalization steps using scvelo.pp.filter_and_normalize. Next, we computed the top 30 PCA compo-
nents and constructed a nearest-neighbor graph with 30 neighbors using scanpy.tl.pca and scanpy.pp.neighbors, respectively. We
then calculated first-order moment matrices as smoothed spliced and unspliced gene expression on the nearest neighbor graph us-
ing scvelo.pp.moments. All velocity models take these moment matrices as input.

We applied gene-wise min-max scaling to preprocess both spliced and unspliced counts. Following the preprocessing employed
by scVelo and veloVI, we applied scVelo’s deterministic model and kept genes with a positive coefficient of determination R% > 0 for
further RNA velocity inference because RegVelo’s spliced equation with positive kinetic parameters  and y implies a correlation be-
tween spliced and unspliced read counts; negative R? values indicate poor model fit, suggesting the gene may not be informative for
dynamical analysis. However, even if some transcription factors (TFs) do not meet the velocity gene selection criteria, their regulatory
functions remain crucial for understanding broader gene regulation during differentiation. Therefore, we retained all TFs contained in
the highly variable gene set unless specified otherwise.

We downloaded lists of TFs for humans and mice from the cisTarget database of the SCENIC software, and for zebrafish, we
retrieved the corresponding information from the AnimalTFDB v4.0 database.'®® Finally, if not specified otherwise, we used the soft
constraint mode to allow RegVelo to learn additional edges in the GRN.

18,24

Trajectory inference benchmark

We inputted all velocity estimations into the typical CellRank v2.0.6'®'” workflow for downstream analyses. To compare velocity es-
timations, we used only CellRank’s VelocityKernel to compute the transition matrix for macrostates estimation. Otherwise, we com-
bined the VelocityKernel and ConnectivityKernel with weights 0.8 and 0.2, respectively, as shown in the CellRank tutorials. To
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benchmark trajectory inference performance, we used the CBC score provided by the kernel method cbc and the TSI score supplied
by the GPCCA estimator tsi'’; the Benchmarking metrics section provides the relevant details.

Driver gene analysis
For each velocity-based method, we rely on CellRank to infer lineage-associated genes, following the tutorials for the VelocityKernel.
Further, we computed terminal states and their corresponding fate probabilities using the GPCCA estimator. We used the compu-
te_lineage_drivers function to identify genes that correlate with specific lineages.

To identify putative cell cycle activation-related drivers, we utilized cell cycle markers to compute cell cycle scores CCS for the G1,
G2/M, and S phases by applying scvelo.tl.score_genes_cell_cycle. We defined the cell cycle score through

CCSS — mln(CCSs) _ CCSGZ/M — min(CCSGQ/M)
max(CCSs) — min(CCSs)  max(CCSazm) — Min(CCSazm)

Finally, we calculated Pearson correlations between the expression levels of all TFs and this score to identify potential cell cycle
regulators.

Perturbation screening

We simulated regulon knock-outs for each TF to identify lineage drivers through perturbation screening and estimated the resulting
perturbed vector fields. After obtaining these perturbed velocities, we incorporated the perturbed and original velocities into the ca-
nonical CellRank workflow.

We used the GPCCA estimator '®° to calculate fate probabilities and compare these probabilities with Pearson correlation, allowing
us to quantify the effect of each perturbation on the lineages. To ensure the robustness of these perturbation predictions, we ran
RegVelo five times, each with a different initialization for the perturbation simulations. Finally, after assessing the effects of perturba-
tion on each gene and terminal state, we averaged the results from all five runs to obtain the final prediction.

Benchmarking related methods

We followed the provided tutorials for each velocity method %4291 tq infer cell velocities. For scVelo, we first used scvelo.tl.re-
cover_dynamics to estimate kinetic parameters and applied scvelo.tl.velocity with argument mode="dynamical" to calculate veloc-
ities. For UniTVelo v0.2.5.2, we estimated velocities with unitvelo.run_model with the argument FIT_OPTION="1". In the case of
VeloVAE v0.1.2, we initialized the model using velovae.VAE with argument dim_z=10, then used velovae.train to estimate velocities.
We also ran a full Bayesian VeloVAE model with rate prior set as "alpha’: (0, 1.0), 'beta’: (0, 0.5); 'gamma’: (0, 0.5), and initialized the
model with additional argument full_vb=True.

For TFVelo v1.0, we estimated the velocities with TFvelo.tl.recover_dynamics. We then extracted the estimated GRN from
adata.varm['fit_weights_final’], and used this GRN for the subsequent GRN benchmark. For cell2fate v1.0.0, we first applied cell2-
fate.utils.get_max_modules to estimate the number of modules, and estimated velocities through a cell2fate.Cell2fate_Dynamical-
Model model, trained with the train() method.

We followed the provided tutorials for each GRN inference method.?®*%“%1%> For CellOracle v0.20.0, we used the fit_All_genes
function to compute the GRN, and for GRNBoost2 (from arboreto v0.1.6), we used the arboreto.algo.grnboost2 function to calculate
the GRN. Importantly, GRNBoost2 does not estimate gene self-regulation but Pearson correlation always assigns self-regulation to
every gene. To make the approach comparable to our method, we followed a previous GRN inference benchmark*? and removed all
edges corresponding to self-regulation from the predicted and ground truth GRNs when calculating the AUROC score. Since spli-
ceJAC v0.0.1 requires pre-defined cell cluster information as input, we first ran scanpy.tl.leiden to find cell clusters, before applying
splicejac.tl.estimate_jacobian for GRN estimation.

To benchmark RegVelo’s driver ranking against other combinations of GRN inference (SCENIC+ v1.0a2,?* Pando v1.1.1%%), reg-
ulon activity (ULM'"® and AUCell'® both from Rom decoupler v2.10.0, Linger v1.0.0°%) and trajectory inference pipelines (scVelo, '
DPT,” moscot v0.4.2°"), we followed the official tutorials for each regulon activity inference method.'®*%"1° We employed the decou-
pler'"° package for estimating regulon activity due to its standardized implementation of multiple activity inference methods. Based
on a prior GRN, we used the function decoupler.mt.ulm to compute regulon-activity for ULM, and decoupler.mt.aucell for AUCell.

LINGER is a deep learning-based method for inferring GRN from paired single-cell chromatin accessibility and gene expression
data, enabling the estimation of TF-regulon activity. After preprocessing the single-cell multiome dataset following the LINGER tuto-
rial, we inferred regulon activity: First, we used LINGER_tr.get_TSS to load transcription start site (TSS) locations for each gene and
paired them with regulatory elements within a + 200kb genomic window. We then applied LINGER_tr.RE_TG_dis pair regulatory el-
ements with their target gene. Next, we trained the LINGER, using LINGER_tr.training with parameters activef="ReLU’ and meth-
od="scNN’. To derive the population-level GRN, we inferred all potential regulatory interactions with LL_net.TF_RE_binding, LL_
net.cis_reg, and LL_net.trans_reg. Finally, we estimated TF-regulon activity in gene expression data using the pre-trained GRN
model and the function TF_activity.regulon.

We estimated cell fate probabilities using CellRank,'” relying of the VelocityKernel, PseudoTimeKernel, or RealTimeKernel, de-
pending on the data view we used — RNA velocity, pseudotime, or real-time information — to quantify cell-cell transition probabilities;
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we used the GPCCA estimator'“° to compute cell fate probabilities. Finally, we ranked candidate driver regulators by correlating
these probabilities with the estimated regulon activity.

To analysis our SDE-based simulation dataset, we implemented two distinct models to compare the Jacobian (J-L1) to the weight
matrix (w-L1) regularization, each incorporating a distinct L1 loss function: for J-L1, we defined the loss function L as

L = — ELBO+/1LJacobian7
with

1 N . . .
LJacobian = NZn —1 ||d|ag(3|gm0|d°(wsn + b))W||1,

where the operator - applies a scalar function component-wise, and for w-L1
L = — ELBO+4|W]|,

Simulated dataset — SDE simulation

where |W/| denotes the L1 norm of the weight matrix.

We tested each model with three distinct regularization parameter settings 1 € {0,0.5,1} to evaluate the models’ performance
across different levels of regularization strength. We ran both models on each dataset and calculated the Spearman correlation of
estimated latent time and ground truth, and AUROC to evaluate GRN prediction accuracy accordingly.

Simulated dataset - Dyngen simulation

For simulating datasets with dyngen,*' we ran RegVelo with a fully connected prior GRN. After training and estimating velocities,
latent time and GRN, we calculate velocity correlation, latent time prediction and GRN inference accuracy (i.e., AUROC), with dyn-
gen-defined ground truths.

Tuning regularization parameters

To benchmark the RegVelo’s sensitivity to both regularization parameters (41 and 4,) under the setting soft_constraint=True, we used
two dyngen-simulated datasets with two and nine terminal states, respectively, and constructed prior GRNs by systematically cor-
rupting the ground-truth network skeleton at varying rates (0.2, 0.4, 0.6, 0.8, and 1.0). For each corruption level, we simulated five
different prior GRNs, and applied RegVelo to infer model parameters across a range of regularization magnitudes at 10-fold incre-
ments (10~4,10-3,10-2, 10", 1, and 10). We calculated several downstream metrics, including velocity correlation, latent time pre-
diction and GRN inference accuracy, to assess model performance; relatedly, we also calculated pair-wise correlations of estimated
velocities, latent times and GRNs under different runs to evaluate model identifiability.

Mouse hematopoietic stem and progenitor cell differentiation

We followed the standard preprocessing pipeline and selected the top 3,000 HVGs. We then trained RegVelo three times to bench-
mark its performance against other methods. For consistency, RegVelo was trained without any prior GRN in both GRN inference
benchmark and calibration analysis.

GRN benchmark

We utilized GRN benchmark pipeline, BEELINE*?’s defined ground truth cell type specific GRN, which were curated from
ENCODE, " ChIP-Atlas'®? and ESCAPE'®® datasets for ChlP-seq data from the hematopoietic cell types. We also incorporated
BEELINE’s defined GRN benchmark metric, the early precision rate (EPR),*” to evaluate prediction precision.

Mouse neural crest development - Smart-seq2

We followed the original preprocessing pipeline to preprocess the datase and our standard preprocessing pipeline for all other
preprocessing followed. We then applied SCENIC'® to the normalized dataset to infer the GRN with its default preprocessing and
parameter settings.

Prior GRN definition

We followed a well-established guideline to run the Command Line Interface (CLI) version of SCENIC, using pySCENIC v0.12.1."%"
The pipeline involves three main steps: First, we used GRNBoost2 with the pyscenic grn command to infer the GRN, generating an
adjacency matrix between TFs and target genes for regulon prediction. Second, we annotated motifs based on a curated list the cis-
Target database and executed pyscenic ctx with the—all_modules parameter. Finally, we used the pyscenic aucell function to calcu-
late regulon activity before binarizing the GRN by setting the weights of nonzero edges to 1 and all others to 0; we ran RegVelo with
default settings and this binary graph as the prior gene regulatory graph.

Assessing dynamics across developmental stages

Using the preprocessed dataset, we defined four subsets of increasing lineage complexity by splitting the dataset based on devel-
opmental stages:

194
t,

® Scale 1: neural crest cells (NCC), mesenchyme, satellite glia (SatGlia), and sensory neurons (sensory)
® Scale 2: scale 1 supplemented by Schwann cells (SC), endoneurial fibroblasts (enFib), and melanocytes
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® Scale 3: scale 2 supplemented by gut neuron and Gut glia
® Scale 4: scale 3 supplemented by chromaffin cells (ChC) and sympathetic neurons (Symp).

For each scale we sought to compute terminal identification (TSI) and cross-boundary correctness (CBC) scores, using RegVelo,
veloVl,"* and scVelo’s EM model.'® For TSI evaluation, we defined 11 terminal states based on the original publication'®* — melano-
cytes, endoneurial fibroblasts, Schwann cells, mesenchyme, sensory neurons, chromaffin cells, satellite glia, gut glia, gut neuron,
sympathetic neurons, and boundary cap cells (BCC) — to compute the TSI. For CBC comparisons we relied on transitions from
the hub - a separating pool of cycling progenitors identified by the original work'®* and indicative of future cell state; we considered
cell transitions toward the six lineages sensory neurons, satellite glia, Schwann cells, gut glia, gut neuron and chromaffin cells.

To validate estimation consistency, we computed the cell fate estimation consistency across the four scales.

Mouse neural crest development - sci-RNA-seq3

The original sci-RNA-seq datasets'®” include 500 million cells from 83 embryos and exhibit substantial batch effects. We therefore
selected data from embryo 41 and extracted the neural crest-derived cell types, including dorsal root ganglion neurons, enteric neu-
rons, melanocytes, myelinating Schwann cells, myelinating Schwann cells (Tgfb2+), neural crest (PNS glia), neural crest (PNS neu-
rons), olfactory ensheathing cells, and otic sensory neurons. We then applied SCENIC to the normalized dataset using its default
processing steps and parameter settings to infer the GRN." "2

Prior GRN definition

We followed the exact same SCENIC-based '® workflow as described for the smart-seq2 mouse neural crest development dataset to
construct the prior GRN and run RegVelo.

Downstream analysis

We inputted the estimated velocity into the downstream CellRank workflow to compute ten macrostates and defined “dorsal root
ganglion neurons”, “enteric neurons”, “melanocyte cells”, “myelinating Schwann cells”, “myelinating Schwann cells (Tgfb2+)”
and “otic sensory neurons” as the terminal states.

Cell cycling dataset - U20S cell line
After training the RegVelo model and estimating velocities, we calculated the CBC score with the ground truth differentiation direc-
tions, including G1 phase to S phase and S phase to G2/M phase; the original studies provided the phase label information.

We calculated the velocity consistency score using scvelo.tl.velocity_confidence. To further validate our results, we used the fluo-
rescent ubiquitination-based cell-cycle indicator (FUCCI) derived score® as the proximal ground truth of cell cycling time and corre-
lated it with inferred cell latent time using Spearman correlation.

Evaluate model robustness on shallow sequence depth

We performed downsampling with SAMtools'®® following the procedure that we have introduced, and compared RegVelo with
scVelo and veloVI in terms of their inferred latent time accuracy, velocity consistency and the resulting CBC. Finally, we used the
velocity estimation consistency score to assess the robustness of velocity estimates across different sequencing depths.

Global time ordering

RegVelo, together with scVelo and veloVI estimates the gene-wise latent time matrix T € RNe*Ne, We constructed a cell-cell k-near-
est neighbor graph using correlation distance on the gene-wise latent time matrix, and computed DPT from a root cell selected as the
one with the lowest average gene-time. The resulting DPT pseudotime for each cell provides a globally temporal ordering.
Evaluating GRN inference

To evaluate GRN predictions through our AUROC score, we first defined the proximal ground truth GRN for the regulators by
retrieving ground truth edges from ChiP-Atlas,'®” this resource provides putative binding scores of TF-target pairs derived from
ChlP-seq datasets across different cell lines. We set the links with a MACS2 score greater than 500 as the proximal ground truth links;
this stringent significance threshold, which corresponds to a g-value less than 10~ %0, ensures that our defined proximal ground truth
links are reliable.

To calculate the AUROC score for each TF, we followed our pipeline outlined in the Benchmark metrics section. To provide a
comprehensive evaluation, we used the mean AUROC score across TFs with more than 50 targets in the cycling dataset to bench-
mark the GRN prediction.

Cell cycling dataset - RPE1 cell line

We applied the same preprocessing steps and evaluation metrics to the FUCCI-RPE1 data as in the FUCCI-U20S analysis. Previous
work has provided the phase label information on FUCCI-RPE1 data.?®'%®

Transcription rate prediction

Since FUCCI-RPET1 is based on scEU-seq, '?® which includes metabolic labeling information to capture time-resolved nascent RNA, it
enables experimental quantification of gene-specific transcription rates. We used the transcription rates provided by the original
study as ground truth and applied RegVelo to estimate transcription rates at the single-cell level. We then computed the Spearman
correlation between RegVelo’s inferred transcription rates and the ground truth for each gene.
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For benchmarking against CellDancer, '°° we strictly followed the official pipeline described in their documentation. '°° Specifically,
we first used the cd.adata_to_df with_embed function to convert the AnnData object into the required input format. We then applied

cd.velocity with the parameter permutation_ratio=0.1 to estimate gene-specific kinetic parameters for each cell.

Pancreatic endocrinogenesis

To infer the gene regulatory graph as prior knowledge for RegVelo, we began by utilizing the 10x multiome pancreatic endocrine data-
sets® of the same mouse line (Ngn3-Venus fusion) and the same embryonic stages (E14.5 and E15.5) to the scRNA-seq dataset used
in the scVelo study.®® We then applied Pando®® to these 10x multiome datasets to infer the GRN with its default preprocessing and
parameter settings.

Prior GRN definition

Pando’s GRN inference consists of two steps: first, it scans for motifs in candidate cis-regulatory element (CRE) regions on the
genome with the find_motifs function. Second, it infers the GRN by integrating gene expression and peak accessible information us-
ing the infer_grn function. The first step requires TF-motif binding information and position weight matrices (PSM). Here, we used the
mouse_pwms_v2 dataset, which collects mouse motifs from the CIS-BP database and corresponding PSMs, from the R package
chromVARmotifs'“° to provide this information. We inferred the prior GRN estimate through XGBoost*”° and used Signac®®' to
link peaks with genes during the second step. We binarized the constructed GRN, i.e., set weights of nonzero edges to 1 and 0 other-
wise; we used this binary graph as the prior gene regulatory graph for RegVelo.

Downstream analysis

We inputted the estimated velocity into the downstream CellRank workflow, used eight macrostates, and defined “alpha”, “beta”,
“delta”, and “epsilon” as the terminal states.

epsilon cell substate identification

We defined sub-clusters in epsilon cells by first subsetting to the annotated epsilon cells from the pancreatic endocrine dataset. We
then computed PCA embedding of this subset and constructed a neighborhood graph using 30 PCs and 30 neighbors with scan-
py.tl.pca and scanpy.pp.neighbors functions. Next, we identified the sub-clusters using the Leiden algorithm (scanpy.tl.leiden).
We defined the sub-cluster with the highest average alpha cell fate probabilities as State A (Figure S4B). To further characterize
both sub-clusters, we used the Wilcoxon rank-sum test to identify differentially expressed genes.

Outbound score calculation

We used CellRank for computing transition probabilities from RegVelo-estimated velocities and define the outbound score to quan-
tify the number of epsilon cells in terminal versus outbound states: let P ¢ RVe*Ne be the cell-cell transition probability matrix
computed by CellRank, where P denotes the probability of cellj transitioning into cell k. Let Tc {1, ..., Nt} be the index set of terminal
state cells. For epsilon cells j, we calculated inbound and outbound probabilities

Inbound() = >, Py,

Outbound(j) = Zk{rpjk
to define the outbound score as
Outbound score(j) = Outbound(j) — Inbound(j)

Pathway enrichment analysis

We calculated the ductal cell specific GRN and predicted targets via RegVelo. For each of the top five cell cycle regulators, we per-
formed GO enrichment analysis using the enrichGO function from the ClusterProfiler’®® R package, with the parameters ont = "BP",
pvalueCutoff = 0.1, and qvalueCutoff = 0.1. We focused on biological process GO terms with an FDR adjusted P<0.1.

For GSEA analysis, we used the full ranking list of weights between downstream genes and each top cell cycle regulator. We
focused on hallmark pathways and ran the analysis using the fgsea function from the fgsea®®® R package with default parameters.
Minimum cell numbers and sequence depth analysis
To determine the minimum number of cells and sequencing depth required for reliable modeling, we analyzed the sensitivity of dy-
namic inference to both factors. We assessed the impact of dataset size by downsampling to 500, 1,000, 2000 and 3,000 cells. In
parallel, for each subset, we further downsampled the read counts to 5%, 10%, 25%, 50%, and 75% of the original sequencing depth
via _downsample_per_cell function in scanpy.'®® To account for stochastic variation, we repeated each downsampling condition
three times. We evaluated the effect of these dataset alternations on model performance using two metrics: the number of identified
terminal states and velocity estimation consistency.

Human hematopoiesis

We conducted all analyses on the dataset preprocessed by the original study.?® All other preprocessing followed our standard pre-
processing pipeline.
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Prior GRN inference

We curated prior gene regulatory graphs from two sources: putative gene regulation based on multi-omics datasets and experi-
mental ChIP-seq datasets. We used a publicly available putative GRN inferred by the multiome GRN inference model Dictys on
multi-omics bone marrow mononuclear cells.”” Since this putative GRN may be incomplete, we also curated a GRN from human he-
matopoiesis ChIP-seq datasets of the UniBind database.*®”” By merging both GRNs, we created a prior gene regulatory graph for
RegVelo input.

We ran RegVelo with soft constraints, with unregularized (1o = 0) and regularized (1> = 1) settings for comparison. We inputted
the estimated velocity into the downstream CellRank workflow to compute seven macrostates and defined “Mon”, “Bas”, “Ery”,
“Meg” and “Neu” as the terminal states.

Method comparison

We compared all velocity estimations with generic trajectory inference benchmark procedures, using the PCA representation as the
input to calculate the CBC score. We calculated the forward CBC score and backward CBC score for each method by the kernel
method cbc, with ground-truth transitions: “HSC” to “GMP-like”, “HSC” to “MEP-like”, “GMP-like” to “Mon”, “MEP-like” to
“Ery”, “MEP-like” to “Meg” and “MEP-like” to “Bas”. We further used Welch’s t test to assess if the log ratio of CBC score of
the regularized RegVelo model and the other model including unregularized RegVelo, scVelo, and veloVI models was significantly
higher than zero.

To compare how RegVelo and veloVI predicted uncertainty in terminal states of the human hematopoiesis dataset, we first calcu-
lated the median uncertainty in progenitor cells (HSC, MEP-like, and GMP-like) and normalized the terminal state uncertainties based
on this median. We then calculated the log, ratio of the normalized uncertainties between veloVl and RegVelo. We applied Welch’s t
test to assess whether veloVI’s uncertainty was significantly higher than RegVelo’s in terminal states.

To evaluate the estimated gene rankings, for each system that we analyzed, we manually compiled a list of known driver TFs from
the literature for each lineage (Table S2). For lineage-associated genes, we curated genes from CellMarker 2.0°°* and other relevant
literature.*°
Dynamo-based analysis
To predict the drivers using dynamo, we strictly followed the analysis pipeline provided by the tool’s tutorial.”® We calculated moment
matrices using dynamo-inferred neighbor graph and group label="time". Following, we used the dynamo function dynamo.tl.dynam-
ics to estimate cell velocities with arguments group="time", one_shot_method="sci_fate", model="deterministic".

With the stable fixed points given by the dynamo tutorials, we identified putative lineage drivers using dynamo’s least action path
analysis. Firstly, we projected the dynamo velocity field onto the PCA space with the function dynamo.tl.cell_velocities with ba-
sis="pca" and learned a vector field function based on this projection via the function dynamo.vf.VectorField with basis="pca".
Next, we defined the terminal states as the 30 nearest neighbors computed in UMAP space of each stable fixed point using the func-
tion dynamo.tools.utils.nearest_neighbors. We computed the least actions path starting from each cell in the HSC cluster to each cell
in the clusters labeled "Mon" or "Ery" with dynamo.pd.least_action. We further identified the genes correlated with the path using
dynamo.pd.GeneTrajectory and ranked the lineage-associated genes with dynamo.vf.rank_genes.

Zebrafish neural crest development

Zebrafish Smart-seq3 and perturb-seq data analysis

To preprocess our Smart-seq3 data, fastq files for each Smart-seq3 pool library were merged into read 1, read 2, index 1, and index 2
four fastq files. Next, we applied zUMIs'® to the fastq files with the expected barcodes file containing the Nextera v2 index combi-
nations, the GRCz11 Ensembl 105 reference genome built by STAR v2.7.3a°°° and the parameters including barcode binning of 1, no
automatic barcode detection, and the minimum number of reads per cell of 0.

Dynamic inference via RegVelo. We used the ultra-deep full-length Smart-seq3 scRNA-seq dataset during neural crest cell devel-
opment for RegVelo implementation. We first filtered out genes expressing fewer than ten cells in spliced and unspliced matrices. To
fully model the transcription regulation dynamics, we selected the top 8,000 genes for further downstream analysis.

We utilized the neural crest GRN'®° built by SCENIC+ using the 10x multiome datasets as the input for RegVelo. After training
models, we input inferred velocity estimations into the CellRank workflow, proceeded with eight macrostates and defined "facial
mesenchyme", "pharyngeal arch 2", "mNC hox34" and "pigment" as the terminal states in this system.

Evaluating terminal state identification and driver ranking at shallow sequence depth. To evaluate model robustness across
different sequencing depths, we performed read-level downsampling of Smart-seq3 data on our zebrafish neural crest using SAM-
tools'® to generate datasets at six sequencing levels: 0.5%, 1%, 5%, 10%, 30%, and 50% of the original read depth. Because SAM-
tools downsampling reduces the number of reads per cell rather than removing cells, we applied an additional filtering step to exclude
cells with fewer than 5,000 reads after downsampling. This cutoff was chosen to prevent excessive cell loss (>90%) at the lowest
depth (0.5%), retaining at least approximately 30% of cells for downstream benchmark. To ensure fair comparison of driver gene
rankings across sequencing depths, we retained all TFs that were present in any dataset, even if they did not meet the filtering criteria
at specific depths. After generating the downsampled datasets, we applied the TSI and driver gene ranking analyses to benchmark
model performance under varying sequencing depths, and used the cell fate and velocity estimation consistency score to assess the
robustness of estimation.
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Driver gene prediction benchmarking. Besides our canonical lineage driver identification through TF expression via CellRank,'” we
also correlated TF activity with cell fate probabilities to rank TFs.

To compare RegVelo with different combinations of GRN and trajectory inference method, we first applied Pando,”*
SCENIC+%*"%? and Linger® to the preprocessed 10x neural crest multiome'®® dataset to infer the neural crest GRN, following our
standard processing pipeline. For SCENIC+2*'%° and Pando-inferred TF regulons, we used AUCell'® and ULM' ' to quantify TF ac-
tivity in our Smart-seq3 gene expression data. For LINGER, we followed our standard pipeline to calculate TF activity in the Smart-
seq3 zebrafish gene expression data using the TF_activity.regulon function. Following, we calculated the correlation of each regulon
activity with cell fate probabilities estimated by VelocityKernel, PseudoTimeKernel, or RealTimeKernel, and ranked the genes accord-
ing to their correlation coefficients within each lineage. Finally, we evaluated the identified putative drivers in facial mesenchymal and
Pigment lineage using classical drivers as ground truth. Since the GRN estimated by LINGER did not include any facial mesenchymal
drivers, we benchmarked its driver gene ranking only for the pigment cell lineage.

We evaluated the effect of GRN structure on ranking driver genes with RegVelo by shuffling the gene symbols on the nodes of the
GRN to randomize its structure, simulating the perturbed dynamical system and calculating the depletion likelihood to rank the line-
age driver genes.

Temporal dynamics ablation. We focused on the downstream regulation of nr2f5 and ets1 to illustrate how RegVelo links early
drivers to lineage identity. For each TF, we ranked its targets by RegVelo-inferred weights, selected the top 10, and calculated Pear-
son correlations with CellRank lineage fate probabilities using the compute_lineage_drivers function. We defined targets with signif-
icant correlation (g — value < 0.05) and literature support for facial mesenchyme as lineage-associated genes. We visualized expres-
sion trajectories of TFs and their targets along latent time using cellrank.pl.gene_trends.

To evaluate temporal dynamics, we randomly downsampled the dataset into four subsets with the same number of cells, each
covering progressively more developmental stages. We chose 220 cells for all subsets, matching the total number of cells from
the earliest three stages. For each subset, we ran RegVelo five times and averaged TF weights to the lineage-associated genes
across runs.

In silico gene expression perturbation prediction. We used RegVelo to generate both fitted values for spliced and unspliced read-
outs based on the original and perturbed dynamical systems. For each cell, we summed these values to represent the predicted gene
expression before applying a Wilcoxon rank-sum test to identify differentially expressed genes; we computed log, transformed fold
changes (FC) between the perturbed and original gene expression profiles.

To estimate gene expression programs, we applied non-negative matrix factorization (NMF) to the concatenated matrix of original
and perturbed gene expression values. We used the sklearn.decomposition.NMF function with n_components = 5 to compute the
NMF components.

Perturbation effects prediction and benchmarking. We applied dynamo and CellOracle on the zebrafish dataset following the
generic steps described in the Quantifying perturbation effect section. When incorporating dynamo inferred velocities into the
CellRank workflow, we computed two transition matrices using the VelocityKernel and ConnectivityKernel and combined them
with 0.8 and 0.2 weights, respectively; we computed eight macrostates and defined "facial mesenchyme", "pharyngeal arch 2",
"mNC hox34" and "pigment" as the terminal states.

The CellOracle perturbation analysis required information on a base GRN and pseudotime; we used the SCENIC+-inferred GRN'%®
as the base GRN structure. For pseudotime estimates, we estimated pseudotime with scVelo in an unsupervised manner, using scve-
lo.tl.recover_dynamics and scvelo.tl.velocity to estimate kinetics, followed by scvelo.tl.latent_time to estimate the latent time for
each cell.

Quantification of in vivo perturbation effects. The zebrafish Perturb-seq data were processed following an established workflow.'%°
Briefly, raw data were preprocessed with CellRanger using SC5P-R2 chemistry, aligning reads to the reference genome that incor-
porated mCherry and Citrine genes along with GRCz11 Ensembl 105. Cellular genotypes were assigned based on sgRNA counts,
with ambient RNA contamination and doublets removed.

Cell clustering was performed using Seurat, and cell state annotations were enhanced by integrating multiome-gene expression
(GEX) data with reciprocal PCA (RPCA).?°” Neural crest clusters were isolated for further clustering and visualized using the PHATE
method.?°® Perturbation effects were quantified using MELD v1.0"?® by comparing each knockout condition to the non-targeting
control, MELD then calculated depletion-enrichment likelihoods on the 0-1 scale. Latent time was inferred from the multiome data-
set'?° via RPCA and averaging latent time of neighboring cells. Within specific lineages, cells were categorized into early and late
stages based on median latent time.

The MELD score leverages density estimates of transcriptomics-derived manifolds and is, thus, ideal for continuous develop-
mental data, without being unaffected by the granularity of discrete clustering.'*® Since the MELD score is a relative likelihood, it de-
pends on the global distribution of all conditions in the dataset. For a given lineage, a value below 0.5 often indicates depletion,
whereas a high score does not necessarily imply enrichment as it may result from either true enrichment or depletion in other lineages.

To rigorously assess whether a perturbation genuinely enriches or depletes a specific terminal cell state beyond random expec-
tation, we developed a statistical test to evaluate the significance of observed MELD scores in a lineage-specific manner: first, we use
CellRank 2’s PseudotimeKernel to identify terminal states across the Perturb-seq dataset. Next, for each pair of gene knockout and
corresponding control, we compute the average MELD likelihood within these terminal states. Since MELD likelihood is a relative
measure, we assess the statistical significance of the perturbation effect using a permutation test. Specifically, for a given TF-lineage
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(terminal state) pair, let £,ps denote the observed mean MELD likelihood in the terminal state. We then generate a null distribution by
randomly sampling the same number of cells as in the terminal state from the entire dataset for N = 1000 times, and compute their
mean MELD likelihoods {¢",¢®....¢™)}. Through this null distribution, we calculate the one-sided empirical p-value to determine
whether the observed MELD score in the true terminal states is significantly higher (enrichment-like) or lower (depletion-like) to
random expectation:

.
poetke _ =1 (€7 < fors)
emp N

N
perr—ike _ =1 1(€7 2 Cone)
emp N

Perturbation benchmark. For each TF j and lineage m, we defined a ground truth label matrix g(j,m) based on the empirical
p-values from the MELD permutation test, indicating significant enrichment-like or depletion-like effects as follows:

+1 isz';nr‘;”ke(j,m) <a
gl,mla) = ¢ =1 fPEL"(m) < a
0 otherwise

Here, a denotes a predefined significance threshold (0.05). We further used Py (j, m) and €4,(j, m) to denote the test p-value and
density change likelihood predicted by RegVelo for j-th TF and m-th lineage, respectively. We defined the following estimator:

+1 ifPgy(j,m) < aand €,(j,m)>0
g(,mla) =

—1 ifPg(j,m) < aand €,,(j,m)<0.
0 otherwise

We then calculated true positive (TP), false positive (FP) and false negative (FN) rate as follows:

TP = > ig(,m)#0Ag(,m) = g(.m)),
FP = > 1(G(,m) #0 Ag(.m)#g(.m)),

FN = 3" 1(g(.m)#0Ag(.m) = 0).
Finally, we computed Precision and Recall as:

TP TP
TP+ FP TP+FN

Since we also applied the cell density perturbation scoring method to dynamo KO, we computed the corresponding Precision and
Recall values for dynamo as well. Additionally, to establish a random baseline, we generated randomized predictions of g(j, m|a) by
assigning values uniformly at random from — 1,1, 0 for each TF-lineage pair. Precision and Recall were then calculated based on
these random estimators, we repeated this process for ten times to obtain baseline performance.

Because all model training was based on preprocessed Smart-seq3 data, we limited the evaluation to KO panels where the cor-
responding TFs included in the preprocessed and filtered Smart-seq3 dataset. As a result, we excluded the ’etv2’, ’erf, and
'smarccia’ panels, along with any multiple TF knockout panels that include these TFs: 'flila_etv2’, flila_erf_erfl3’, and ’erf_erfl3’.
We excluded the mitfa_tfec_inhouse panel from benchmarking due to its use of IVT-synthesized sgRNA, which differs from the syn-
thesis method used for all other knockout panels.'°° Therefore, for performance evaluation, we focused on two subsets: (i) single TF
knockout predictions, and (i) combined single and multiple TF knockout predictions (excluding the filtered panels), given the limited
number of multiple TF knockout cases.

TF binding site prediction

To predict the TF binding sites, we used the interpretation of previously trained deep learning models'°° by ChromBPNet,°° de novo
motif discovery results'°° predicted by TFmodisco-lite?®® and hit calling results'®° by Finemo.?°® To predict the putative sox10 TF
binding sites, we used the TFmodisco-inferred SoxE motif that had a g-value of 0.0044 compared to the DANIO-CODE?"® Sox10
motif (by TomTom?®'"). Finemo analysis predicted that this inferred motif had hit events in the cluster mNC non-hox at
chr4:6031867-6031883 and chr4:6019773-6019789 in the tfec nearby regions with the global hit coefficients of 3.86x107° and
9.28x107° and the hit cosine similarity of 0.84 and 0.91, respectively. This cosine similarity was computed between the untrimmed
contribution weight matrix (CWM) of this motif and the contribution score where this motif hits. For visualization, we used Signac®®"
to plot the pseudobulk chromatin accessibility tracks of the multiome ATAC data, and used the WashU epigenome Browser?'? t

Precision = Recall =

(0]
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visualize the ChromBPNet profile contribution scores, which indicated the base-resolution importance of DNA sequences for chro-
matin accessibility.

Biotin ChiP-seq and CUT&RUN data processing and analysis

The raw data were trimmed by trim galore, mapped by Bowtie2'®" onto the GRCz11 reference genome, deduplicated by Sambamba
markdup,?'® and downsampled to equal read numbers by Sambamba view. To identify reproducible peaks, peak calling was first
performed using MACS2'® callpeak with the g-value cutoff of 0.01 between the Sox10-Avi immunoprecipitated samples and the
matching input control, or with the g-value cutoff of 0.1 between the ELF1 antibody samples and IgG controls. Using IDR,"*® peaks
were identified as the reproducible peaks from duplicates for each stage (q < 0.05, by Irreproducible Discovery Rate, IDR). FIMO'*°
was used to predict ETS-family motif hits in EIf1 CUT&RUN reproducible peaks with the p value cutoff of 0.0001. The bigwig tracks
and peak bed files were visualized using Signac®’' and IGV.?"*

Human limb development

We analyzed the single-cell myogenesis dataset using the version preprocessed by the original study.’® We performed all additional
preprocessing steps using our standard pipeline. For downstream RegVelo analysis, we used the SCENIC-inferred gene regulatory
network (GRN) from the original study as the prior GRN.”®

Model selection via real-time information

The original study included an attribute, adj_stage, which encodes the developmental stage of each cell. Using this information, we
applied the ModelComparison class to select an appropriate RegVelo model with side_information = ’'Real_Time’. We then bench-
marked the selected model against veloVl and scVelo on cell state transition prediction, using CBC as the evaluation metric.
Following the original study, we defined two ground truth cell state transition paths: PAX3+MyoProg — MyoB1 - MyoC1 - , and
PAX3+PAX7+MyoProg - MyoB2 — MyoC2.

Perturbation analysis

Based on the original study,”® we defined PAX7+MyoProg1, MYH3+MyoC, and MYL3+MyoC as terminal states. We screened the
top driver genes for each state and recovered MSC as a key regulator for PAX7+MyoProg1.”® To assess regulatory effects, we pre-
dicted gene expression changes following MSC regulon perturbation and compared the reconstructed expression profiles before
and after perturbation. We focused on three maturation markers reported in the original study,”® MYOG, MYH3, and TNNT1, as
they were the only genes that passed our velocity gene filtering criteria.

Human embryonic hindbrain development

Integration scRNA-seq and single-cell multiome dataset

We combined a previously published whole brain single cell atlas with our own curated whole brain multiome dataset,”” selecting
cells from embryos less than 7 post-conception weeks (pcw) in order to capture defined trajectories from radial glia through neuro-
blast lineages. We integrated a final dataset of 850,848 cells and nuclei using scvi-tools v.1.2.0 with covariates of the experimental
platform, cell preparation (cells or nuclei) and whether FACS was used for nuclei sorting. We built an scVI model with parameters
num_hidden = 256, n_latent = 50, num_layers = 3, num_markers = 2000, dispersion = ‘gene-batch’ at a resolution of 2. We selected
clusters where the majority of cells were manually labelled to derive from the hindbrain (labelled as Medulla, hindbrain, Cerebellum,
Pons) into a final dataset of 52,914 cells and nuclei. This was re-integrated with the same scVI parameters at a resolution of 1. We
constructed gene regulatory networks on multiome data using SCENIC+.

Model selection via cell-state transition

Based on the known differentiation hierarchy of hindbrain neuron cells,” > we defined the known cell state transitions including: HBN
— PCG, HBN - DI, HBN — DSN and HRG — VMN, and used this known cell state transition to select the candidate RegVelo model.
We defined the neuron cell types including ‘PCG’, ‘DI, ‘DSN’ and ‘VMN’ as the terminal states.
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Figure S1. Refining and testing RegVelo using simulated datasets, related to Figure 1

(A) Graphical representation of the GRN used for data simulation; each letter identifies one gene.

(B-D) Comparison of inferred latent times (B), velocities (C), and GRN (D) with ground truth using RegVelo, veloVl, scVelo (EM model), or diffusion pseudotime;
(n = 100 each; one-sided Welch’s t test. Latent time: p = 5.41 x 10~ %; velocities: RegVelo versus veloVip = 7.13 x 10~8, RegVelo versus scVelop = 3.31 x
1072, GRN: p = 1.91 x 10-9).

(E) UMAP of 1,000 cells of two dyngen simulated datasets with varying terminal states.

(F and G) Comparison of GRN prediction using six levels of regularization parameters, including 41 (F) and 4, (G) with altered prior GRN (STAR Methods) in two
dyngen-simulated datasets: Dataset 1 (two terminal states); Dataset 2 (nine terminal states). Mean performance 95% confidence interval (Cl), n = 5 corrupted
priors per rate.

(H) Pairwise correlation of GRN (yellow), velocity (brown), and latent time (purple) estimates across RegVelo runs (n = 5) with altered prior GRNs (STAR Methods)
in Dataset 1 (top) and Dataset 2 (bottom).

() Benchmark model robustness in Dataset 1 (top) and Dataset 2 (bottom); Left: GRN inference accuracy of corrupted prior GRNs (gray) versus RegVelo’s
estimated GRNs (blue). Middle and Right: Pearson correlation between ground truth and estimated statistics —velocities and latent time, compared with ve-
loVI (orange). Box plots show the median (center line), interquartile range (hinges), and whiskers extending to 1.5x the interquartile range (n = 5). One-sided
Welch’s t test. Dataset 1: (velocity: p = 1.21 x 1078, time: p <10 x 10~ '"); Dataset 2: (velocity: 4.76 x 101, time: 1.11 x 10~ 9); n.s.: not significant.

(J) GRN benchmarking on the mouse HSPC dataset*® via AUC (AUROC) and EPR metrics (n = 3 runs). We report the performance “delta” in AUC scores of
RegVelo compared with the top competitor for this metric, TFvelo, and the performance “delta” in EPR scores of RegVelo compared with the top competitor for
this metric, CellOracle.

(K) Comparison of GRN edge uncertainty (true versus false edges; one-sided Welch’s t test, Dataset 1: negges = 8,502,p <1 x 10~ 9; Dataset 2: Nedges = 44,704,
p<1x10-19).

(L) RegVelo learned GRN edge weights from the mouse HSPC dataset were grouped into cumulative bins based on bootstrap uncertainty. For each bin, the
AUPRC (left) and AUROC (right) were calculated against the gold-standard network.
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Figure S2. Benchmark RegVelo with varying lineage complexity, related to Figure 1
(A) UMAP embedding of 1,000 dyngen simulated cells with a varying number of terminal states, dyngen simulated true velocity is used to determine the initial and
terminal states via CellRank.'” Modification points are the model parameters of dyngen to control lineage complexity.*’

(legend continued on next page)
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(B) Comparison of estimated velocities (top), GRN (middle), and latent time (bottom) against ground truth. Box plots indicate the median (center line) and in-
terquartile range (hinges). (RegVelo versus other methods; one-sided paired t test; n = 30 each; Velocity: Modification point = 1, scVelo: p = 0.99, veloVl:p =
0.83; Modification point = 2, scVelo: p = 0.84, veloVl: p = 0.01; Modification point = 3, scVelo: p = 0.09, veloVl: p = 0.0001; Modification point = 4, scVelo:
p = 0.0002, veloVl: p = 1.84 x 10~®. GRN inference benchmark: Modification point = 1, TFvelo: p = 7.69 x 10~ %; Modification point = 2, TFvelo: p = 0.027;
Modification point = 3, TFvelo: p = 0.016; Modification point = 4, TFvelo: p = 0.028. Latent time benchmark: Modification point = 1, scVelo: p = 0.28, veloVI:
p = 0.004; Modification point = 2, scVelo: p = 9.83 x 10-°, veloVl: p = 8.692 x 10~8; Modification point = 3, scVelo: p = 1.53 x 1075, veloVl: p = 8.25 x
10~?; Modification point = 4, scVelo: p = 2.56 x 10~ 8, veloVl: p = 3.17 x 10~ ©. Other velocity inference methods include (from left to right): VeloVAE (fullvb),
VeloVAE (vae), TFvelo, cell2fate, UniTVelo; other GRN inference methods, including (from left to right): GRNBoost2, CellOracle, spliceJAC, Pearson correlation.
(C) Defining four complexity scales based on developmental stages (top); and corresponding UMAP embeddings (bottom; Scale 1: n = 3,926 cells; Scale 2:
n = 5,139 cells; Scale 3: n = 6,273 cells; Scale 4: n = 8,821 cells)

(D) Using RegVelo and CellRank identifies nine out of ten terminal states in Scale 4.

(E) Barplot of TSI (left) and CBC (right) score for RegVelo, veloVI, and scVelo across four scales. Line styles and colors indicate different methods. (One-sided
paired t test; TSI: n = 20, p<1 x 10~ '° for all scales. RegVelo versus other methods, CBC: Scale 1: n = 1083, veloVl p = 0.33, scVelo p = 0.69; Scale 2:
n = 280, veloVIp = 0.00019, scVelop = 0.91; Scale 3:n = 429, veloVIp = 0.008, scVelop = 0.249; Scale 4:n = 614, veloVlp = 4.29 x 10~ 19, scVelo
p = 0.00014). Error bars: 95% CI.

(F) Pairwise correlation of fate probabilities per lineage across complexity scales. Comparing the fate probability estimation consistency between RegVelo and
veloVl (n = 6, one-sided Welch’s t test, p = 0.006). scVelo was excluded as it failed to identify the Mesenchyme terminal state.
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Figure S3. Benchmarking RegVelo against competing approaches on cell cycling datasets, related to Figure 1
(A) CBC score of RegVelo and veloVI (n = 3 models), and six other velocity inference methods (left), velocity consistency (middle), and correlation between ground
truth and inferred latent times (right). Box plots indicate the median (center line), interquartile range (hinges), and 1.5x interquartile range (whiskers) (U20S cell

(legend continued on next page)
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line: n = 1,146 cells; RPE1 cell line: n = 2,793 cells). We also report the improvement in the average CBC values of RegVelo over the top competitor, veloVI,
based on results from both cell lines.

(B-D) Latent time correlation (B), CBC (C), and velocity consistency (D) of RegVelo, veloVI (n = 3 models) under varying reads downsampling level.

(E) Comparison of velocity estimation consistency of RegVelo, scVelo, and veloVI (n = 6, one-sided Welch’s t test; RegVelo versus scVelo: p = 0.0019; RegVelo
versus veloVl: p = 2.13 x 10-9)

(F) Latent time consistency (left) and log, ratio (right) of RegVelo’s and veloVI’s consistency score. Box plots indicate the median (center line), interquartile range
(hinges), and 1.5x interquartile range (whiskers) (n = 1,146; one-sided Welch’s t test, p <1 x 10~ 19).

(G) Comparison of GRNs inferred by GRN inference methods and a random baseline to a ChIP-Atlas-derived proximal ground truth GRN. We assessed per-
formance based on an AUROC (left) and Spearman correlation between ChIP-Atlas-derived TF-target binding score and weight estimates (right). We used a one-
sided Welch’s t test to assess significance (n = 15 TFs, one-sided Welch’s t test, AUROC: RegVelo versus TFvelop = 8.7 x 10~°, RegVelo versus CellOracle
p = 1.19 x 10~ 8; Spearman correlation: RegVelo versus TFvelop = 0.019, RegVelo versus CellOracle p = 0.0016). Box plots indicate the median (center line),
interquartile range (hinges), and 1.5x interquartile range (whiskers).

(H) Latent time prediction with graph-based ordering (STAR Methods) of RegVelo (n = 3) versus three other velocity models in two cell lines data.

(I) Ground-truth and predicted transcription rate on cell cycle coordinate defined in original study’*® (left); Spearman correlation between ground truth and inferred
transcription rate from RegVelo and CellDancer, or directly using gene expression (GEX).

(J) Comparison of RegVelo and veloVI model based on cell-wise velocity consistency on both cell lines across different numbers of neighborhoods when
calculating the moment matrix (U20S cell line: n = 1,146 cells; RPE1 cell line: n = 2,793 cells; one-sided Welch’s t test, p<1 x 10 1°).

(K) CBC score (left) and Spearman correlation between ground truth and estimated latent time (right), using original GRN (original), randomly shuffled GRN
(random), or no GRN (No regulation) to run RegVelo in the U20S cell line. (n = 30 runs, one-sided Welch’s t test, p <1 x 10~ '9); box plots indicate the median
(center line), interquartile range (hinges), and 1.5x interquartile range (whiskers).
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Figure S4. Unraveling cell fate dynamics and drivers in pancreatic endocrinogenesis using RegVelo, related to Figure 2

(A) UMAP of pancreatic endocrinogenesis data, colored by fate probabilities using velocity estimates from RegVelo (left), veloVI (middle), and scVelo (right).
(B) UMAP embedding of velocity stream (left) and outbound score (STAR Methods; right upper) from (A) zoomed in on epsilon cells and marker gene expression in
two substates (bottom right; STAR Methods).

(legend continued on next page)
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(C) UMAP colored by identified terminal states using CellRank with RegVelo when omitting any regulation (left) or relying on a random GRN (middle; STAR
Methods); Comparison of the TSI (right) score using RegVelo (blue), veloVI (orange), and scVelo (green) (n = 20 runs). (n = 20; one-sided Welch’s t test;
RegVelo versus veloVl: p = 9.23 x 10-8; RegVelo versus scVelo: p <1 x 10~ 9; Error bars: 95% Cl.)

(D) Number of identified terminal states and velocity estimation consistency of RegVelo under varying numbers of downsampled cells and percentage of retained
counts.

(E) UMAP colored by inferred S and G2M phases based on cell cycle score derived from gene expression (left); Smoothed gene expression along the cell cycling
staging for the top 50 cell cycle score-correlated TFs, sorted by correlation from high to low (right).

(F) UMAP colored by local perturbation effects of E2F1 regulon (left); Comparison of perturbation score and expression of E2F1 in different cell types (right).
(G) Enriched MSigDB hallmark pathways for the top five TFs’ targets predicted by RegVelo, identified via GSEA analysis. (Permutation test; Benjamini and
Hochberg (BH) method adjusted p value.) No enriched pathways identified for Sox9 and Hhex.

(H) Top-5 enriched GO biological process pathways for the top five TFs’ targets predicted by RegVelo (Fisher’s exact test; BH-adjusted p value).

(I) Correlation of RegVelo-inferred GRN derived from pairs of runs of the RegVelo model (left, n = 5 runs); Comparison of the AUROC of the GRN prediction using
the prior GRN (blue) and RegVelo-inferred GRN (orange) (right, STAR Methods). Box plots indicate the median (center line), interquartile range (hinges), and 1.5x
interquartile range (whiskers) (n = 100 comparisons; one-sided Wilcoxon signed-rank test; p <1 x 10~ 1°).

(J) Top 20 targets of E2F1 predicted by RegVelo.

(K and L) Pearson correlation of RegVelo inferred velocities (K, left), CellRank-computed cell fate probabilities based on RegVelo’s (K, middle) and veloVI’s (K,
right) velocity estimates, and cell fate perturbation score across repeated model fits (L). Box plots indicate the median (center line), interquartile range (hinges),
and 1.5x interquartile range (whiskers) (n = 5 runs each).

(M) Top 20 putative lineage drivers ranked by depletion strength, with the y axis representing the negative t-statistics.
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Figure S5. Benchmarking velocity inference for human hematopoiesis, related to Figure 3
(A) CellRank-computed fate probabilities using RegVelo-inferred velocities.
(B) Flowchart for estimating depletion likelihood (STAR Methods) from cell fate probabilities. Depletion likelihood is a normalized Mann-Whitney U statistic that
quantifies the relative tendency of a cell fate to be depleted upon TF perturbation.
(C) Predicted depletion likelihood for the GATAT (left) and SPI7 (right) (Wilcoxon rank sum test).
(legend continued on next page)



¢ CelPress Cell

OPEN ACCESS

(D) FLE colored by RegVelo’s cell-specific perturbation effect after deleting the GATAT (left) and SPI7 (right) regulon without informative prior.

(E) Each panel shows velocity vectors (solid arrows) and heuristic velocities (dashed arrows) across a phase boundary (red line) separating progenitor and
ancestor states along a developmental trajectory. A high backward CBC indicates that predicted velocities diverge from the backward heuristic (left), while a low
backward CBC indicates closer alignment with it (right).

(F) Log-transformed ratio of CBC score considering both forward and backward flows of cell type transitions of RegVelo with or without Jacobian regularization
(top), scVelo (middle), and veloVI (bottom) (HSC, hematopoietic stem cell, Meg, megakaryocyte, Ery, erythrocyte, Bas, basophil, MEP: megakaryocyte and
erythrocyte progenitor-like, GMP, granulocyte and monocyte progenitor; one-sided Welch’s t tests; STAR Methods). Box plots indicate the median (center line),
interquartile range (hinges), and 1.5x interquartile range (whiskers). Upper: HSC — GMP-like (forward: n = 304 cells, p = 0.001; backward n = 161 cells,
p = 6.39 x 10~%); GMP-like = Mon (forward: n = 152 cells,p = 1.23 x 10~7; backward: n = 376 cells,p = 8.24 x 10~38). HSC — MEP-like (forward: n = 309
cells,p = 0.0001; backward: n = 446 cells,p = 3.17 x 10~ 1°). MEP-like — Ery (forward: n = 312 cells,p = 6.46 x 10~*'; backward: n = 220 cells,p = 0.012).
MEP-like — Meg (forward: n = 16 cells, p = 0.157; backward: n = 66 cells, p = 0.835). MEP-like — Bas (forward: n = 161 cells, p = 1.33 x 10~8; backward:
n = 144cells,p = 0.99). Middle: HSC — GMP-like (forward: p = 0.032; backward: p = 0.0008). GMP-like — Mon (forward:p = 0.031; backward:p = 0.0008).
HSC — MEP-like (forward: p = 0.58; backward: p = 0.99). MEP-like — Ery (forward: p = 1.71 x 10~%; backward: p = 0.18). MEP-like — Meg (forward: p =

0.31; backward: p = 6.53 x 10~°). MEP-like —Bas (forward: p = 0.0016; backward: p = 1.16 x 10~7). Bottom: HSC — GMP-like (forward: p = 0.99;
backward: p = 4.93 x 10~ '%). GMP-like — Mon (forward: p = 0.012; backward: p = 1.96 x 10~%*); HSC —MEP-like (forward: p = 1;backward:p = 2.13 x
10~ '8). MEP-like — Ery (forward: p = 0.453; backward: p = 4.61 x 10~ '8). MEP-like — Meg (forward: p = 0.655; backward: p = 1.02 x 10~7). MEP-like —

Bas (forward: p = 0.038; backward: P = 1.19 x 10-%9),

(G) Latent time correlation and velocity estimates consistency across multiple runs using RegVelo and veloVI. Box plots indicate the median (center line), in-
terquartile range (hinges), and 1.5x interquartile range (whiskers) (n = 5 runs).

(H) FLE colored by veloVI’s cell uncertainty.

() Distribution of CellRank’s fate probabilities toward four terminal states using RegVelo’s, veloVI’s, and scVelo’s velocities. Ground truth cell state orderings are
presented at the bottom of each panel. For each lineage, we show the four cell types with the highest median cell fate probability for each method in the lineage.
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Figure S6. Incorporating gene regulation improves dynamic inference in hematopoiesis, related to Figure 3
(A) TSI scores across three modeling conditions: no GRN, without prior (w/o prior), and with prior (w prior). Incorporating prior knowledge significantly improves
TSI. (One-sided paired t test, n = 20; w prior versus w/o prior: p = 0.008; w prior versus no GRN: p = 0.00029); Error bars: 95% CI.

(legend continued on next page)
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(B) Log-ratio of CBC score of RegVelo, and RegVelo without GRN (no GRN). Box plots indicate the median (center line), interquartile range (hinges), and 1.5x
interquartile range (whiskers) (One-sided Welch’s t tests). HSC — GMP-like (forward: n = 304 cells,p = 0.90; backward:n = 161 cells,p = 4.74 x 10~ '9); GMP-
like - Mon (forward: n = 152 cells, p = 2.78 x 10~7; backward: n = 376 cells, p = 2.97 x 10%). HSC — MEP-like (forward: n = 309 cells, p = 0.999;
backward: n = 446cells,p = 5.13 x 10~ 27). MEP-like — Ery (forward: n = 312 cells,p = 4.87 x 10~ '3; backward: n = 220 cells,p = 7.53 x 10~ '3). MEP-like —
Meg (forward: n = 16 cells,p = 0.997; backward: n = 66 cells,p = 6.25 x 10~ '3). MEP-like — Bas (forward: n = 161 cells,p = 0.64; backward: n = 144 cells,
p = 2.76x1079%).

(C) FLE embedding of 1947 HSPC cells, colored according to the expression level of marker genes HLA-DPB1, MPO, and PF4 (left). Phase portraits of three genes
presented by gene-resolved velocities inferred by RegVelo (with and without GRN), scVelo, and veloVI (right). Each cell is colored according to the cell type.
(D) Differentiation trajectories along the erythroid (top) and monocyte (bottom) lineages shown on the FLE embedding (left); gene expression (GEX, blue) and RNA
velocity (red) profiles plotted against lineage-specific fate probabilities. Key lineage regulators and targets (HBB, HBD, KEL, and GATAT1 for erythroid; P2RYS,
SND1, MPO, and SPI1 for monocyte) exhibit increasing expression and velocity trends aligned with lineage commitment.
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Figure S7. Incorporating gene regulation helps RegVelo to identify early drivers during neural crest development, related to Figure 4

(A) Quality metrics across developmental stages in the Smart-seq3 data.

(B) Eight distinct batches in the Smart-seq3 data overlap in the t-SNE embedding, signifying minimal batch effects (left). Distinct cellular patterns are observed
between wild-type and foxd3-mutant neural crest cells (right).

(C) UMAP colored by the RegVelo-inferred latent time (left); The distribution of the latent time stratified by embryonic developmental stages (right). Box plots
indicate the median (center line), interquartile range (hinges), and 1.5x interquartile range (whiskers) (E3: n = 10 cells, E6-E7: n = 105 cells, E10: n = 105 cells,
E12-E13: n = 156 cells, E17-E18: n = 146 cells, and E21-E22: n = 183 cells).

(legend continued on next page)
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(D) Expression distribution of nr2f5, sox9b, twist1b, and tfap2a across embryonic stages. Box plots indicate the median (center line), interquartile range (hinges),
and 1.5x interquartile range (whiskers).

(E) UMAP colored by expression levels of nr2f5, sox9b, twist1b, and ets1.

(F) Log-transformed fold change of nr2f5, sox9b, twist1b, and ets1 gene expression across five cell types (terminal or initial states, Wilcoxon rank-sum tests, n.s.:
not significant).

(G) CellRank-predicted Pearson correlation between gene expression and cell fate probabilities (Welch’s t tests). Each bar is colored according to the color code
in Figure 4B.

(H) Distribution of the Pearson correlation between gene expression and fate probabilities for each lineage. The red dashed lines indicate the correlation between
the corresponding TF (nr2f5, sox9b, twist1b, and tfap2a) expression and cell fate probability (n = 952 genes).

() Dynamo-predicted lineage depletion likelihoods of four cranial mesenchymal drivers indicate that in silico knockouts of three out of four TFs show no depletion
in mesenchymal fates.

(J) Schematic workflow to identify TF drivers via the combination of GRN and trajectory inference methods. First construct the GRN, then compute TF activities,
and finally correlate these with fate probabilities inferred by CellRank with Kernels induced by different trajectory inference methods. Benchmark results show the
average AUROC for TF driver prediction of both pigment and mesenchymal cell lineages across combinations of GRN methods (SCENIC+, Pando), TF activity
scoring methods (ULM, AUCell), and kernel types (RealTimeKernel, VelocityKernel, and PseudotimeKernel). Since LINGER filtered out all facial mesenchymal-
related TFs, only pigment rankings are shown.

(K) Driver TF prediction across modalities (GEX, spliced, unspliced) for facial mesenchyme and pigment lineages.

(L) UMAP colored by early drivers’ regulon activity inferred by AUCell (left). Regulon activity dynamics over latent time across lineages (right).

(M) Driver TF prediction across five different RegVelo models (n = 10).

(N) Expression dynamics of early drivers and their facial mesenchyme-associated targets. Spliced TF and unspliced target expression are shown; latent time is
min-max scaled.

(O and P) ODE-based dynamic simulations under the RegVelo model with (O) a learnable weighted GRN and (P) a fixed binary prior GRN. Red dashed lines show
simulated target gene trajectories after TF regulon perturbation, compared with observed (lavender solid line) and fitted unspliced expression (black dashed line).
Right: UMAP colored by RegVelo’s cell-specific perturbation effect of the facial mesenchymal lineage for each model and TF.

(Q) Gene expression reconstruction performance (R?) for nr2f5 and ets? target genes under learnable weight versus fixed binary GRN settings.

(R) Top, AUROC of facial mesenchymal (mes) driver ranking increases with broader temporal coverage of training data; we used a fixed prior binary model as
baseline (blue bar). Bottom, learned regulatory weights of nr2f5 and ets1 toward facial mesenchyme-associated genes increase with temporal coverage,
consistent with their roles in facial mesenchymal fate specification (n = 5 trained models). Each temporal coverage has the same cell number (220 cells).

(S and T) Representative confocal microscopy images of colec12 (S, facial mesenchymal marker) and dlx2a (T; arch 2 marker) expression in control and sox9b,
sox6, zic2b, and hoxa2b crispant zebrafish embryos at the 21-somite stage. e, eye; fm, facial mesenchymal; o, otic.
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Figure S8. RegVelo gives robust dynamic inference on simulated and real low-coverage neural crest data, related to Figure 4

(A) Violin plot of total read counts (left) and total expressed genes (right) per cell across four different downsampling levels (0.5%, 1%, 5%, 10%, 30% and 50%)
(B) Barplot of TSI (left) and driver ranking score (right) for RegVelo across six downsampled zebrafish neural crest datasets (from left to right: 0.5%, 1%, 5%, 10%,
30%, and 50%). And the coefficient of determination (R?) between number of cells or genes and the metric score, Error bars: 95% Cl (n = 10 trained models).

(legend continued on next page)
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(C) Pairwise correlation of fate probabilities per lineage when varying downsampling level (left), we did not include downsampling level 0.5% because, at this level,
we failed to detect Arch 2 as the terminal states; and comparison of velocity estimation consistency across practical sequence-depth condition (right, 5%-50%),
box plots indicate the median (center line), interquartile range (hinges), and 1.5x interquartile range (whiskers). (One-sided Welch’s ttest,n = 15, RegVelo versus
veloVl: p = 2.93 x 10~ %; RegVelo versus scVelo: p = 6.98 x 10~ 6).

(D) UMAP embeddings of 6788 mouse neural crest-Schwann development cells, colored by cell type annotation of original study (left); CellRank predicted
terminal states using RegVelo-inferred velocity (right)

(E) Comparison of the TSI score using RegVelo (blue), veloVI (orange), and scVelo (green) (n = 20 runs). (One-sided Welch’s t test, RegVelo versus veloVl: p < 1 x
10~ '%; RegVelo versus scVelo: p<1 x 10~ ); Error bars: 95% CI.

(F) Predicted depletion likelihood for the Mitf, Sox10, Pou4f1, and Neurod1 (One-sided Wilcoxon rank sum test).

(G) UMAP colored by Neurod1 gene expression.

(H) CellRank-predicted correlation of Neurod1 expression with each lineage.
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Figure S9. RegVelo predicts perturbation effects on both cell fate composition and gene programs, related to Figure 5
(A) RegVelo simulated density changes and MELD quantified density ratio of four lineages (arch 2, facial mesenchyme, mNC hox34, and pigment). CellRank is
applied to both datasets (Smart-seq3 and Perturb-seq) to identify terminal state cells using VelocityKernel and PseudotimeKernel, respectively. Each cell is

(legend continued on next page)
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colored by the likelihood value (€, and MELD likelihood) (left); and comparison of density changes predicted by RegVelo or quantified by MELD (right). Two-sided
Welch’s t test and permutation test (STAR Methods) are applied to assess statistical significance. We presented only the Perturb-seq results in this study; for the
remaining crispants’ Perturb-seq results, please refer to Hu et al.'®®

(B) Precision (top) and Recall (bottom) value of correct perturbed lineage prediction using RegVelo and dynamo (n = 10 trained RegVelo models).

(C) Comparison of DEG prediction performance. Top left: Density plot of the number of upregulated DEGs and downregulated DEGs in KO. Top right: Boxplot
showing log 10-transformed statistical significance (hypergeometric test) of DEG overlap between RegVelo predictions and ground truth compared with
permuted control (STAR Methods, n = 15, p = 0.0067). Bottom: Fraction of correctly predicted DEGs in RegVelo predictions of each KO panel, each bar is
colored by their significance level.

(D) Gene program prediction performance. Spearman correlation matrix showing agreement between gene programs inferred by RegVelo and those derived from
Perturb-seq. Rows and columns represent matched TF perturbation conditions.

(E) Heatmaps of gene expression programs from Perturb-seq (left) and RegVelo (right). Scaled NMF scores across programs are shown. Annotated genes (left)
highlight marker genes specific to pigment cells, pharyngeal arches, and mesenchymal programs. Meta-program-1 and Meta-program-2 are identified via joint
clustering of all shared programs.

(F) Top enriched GO biological process pathways for the meta-programs (Fisher’s exact test; BH-adjusted p value).
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Figure S10. Regulation of pigment drivers during pigmentation, related to Figures 6 and 7
(A) Gene expression patterns from multiome data of representative bHLH factors in the pigment lineage over latent time as computed by the original study.'%°
(B) UMAP embedding of 779 neural crest development cells from the tfec knockout and control panel, with sox6-high (melanoblast) and gch2-high (xanthoblast)

pigment cells highlighted by circles.

(C) In vivo Perturb-seq analysis shows profound depletion effects for tfec knockouts compared with mitfa in both early and late pigment lineages.

(D) UMAP embedding of the inferred TF-TF network, where the distance represents the Jaccard index between TF pairs. The visualization highlights regulatory
interactions between TFs inferred by RegVelo. The dot colors represent the TF-associated lineage as determined by RegVelo perturbation simulations, while the
dot size indicates the predicted effect size of perturbations on the corresponding lineage; groups of closely related TFs were manually highlighted.

(legend continued on next page)
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(E) Single-gene knockouts of mitfa, tfeb, or tfec show no delay in pigmentation formation at 36 hpf. The embryo numbers in each condition are labeled above the
sub-panels.

(F) Phenotypic quantification of single-gene knockouts of sox70 and uninjected controls show that most sox70 crispants have a weak phenotype (reduced
pigment) and a strong phenotype (<10 pigment cells) at approximately 48 hpf (o = 1 x 10~8 for all three experiments).

(G) Hierarchical clustering of Sox10 biotin ChIP-seq peak sets based on Pearson correlation scores from duplicate experiments.

(H) Hierarchical clustering of EIf1 CUT&RUN peak sets based on Pearson correlation scores from duplicate experiments.
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