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Abstract

Embryonic development is orchestrated by complex gene regulatory networks, and learning reg-

ulatory dynamics from developmental data could allow us to understand, predict, and ultimately

engineer cell fates. Here we introduce Navigo (https://github.com/aristoteleo/Navigo-release), a bi-

ologically grounded generative modeling framework that learns a developmental vector field by

integrating flow matching at the population level with RNA kinetics modeling at the molecular

level. Navigo accurately maps developmental trajectories across lineages on a mouse embryogene-

sis scRNA-seq atlas spanning 43 time points and comprising 12.4 million cells. Applied to cardiac

development, Navigo enables disease modeling by mechanistically resolving regulatory networks

that distinguish congenital heart disease subtypes. Navigo also predicts perturbation effects in a

zero-shot manner, as validated on independent in vivo data from six knockout genotypes without

perturbation-specific training, uncovering lineage-specific gene-compensation mechanisms. More-

over, Navigo guides rational cell-fate engineering, exemplified by fibroblast reprogramming analy-

ses, including identifying pro-fibrotic barriers to cardiac fates and evaluating hundreds of pairwise

transcription factor combinations for neuronal fate, each consisting of one bHLH factor and one POU

factor. Overall, Navigo provides a generalizable AI platform for perturbation-effect prediction, dis-

ease modeling, and rational cell-fate engineering, advancing toward AI-based virtual embryos for

developmental biology and regenerative medicine.
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Introduction1

Embryonic development represents one of nature’s most remarkable transformations, where a single fer-2

tilized cell orchestrates a precisely choreographed sequence of cellular decisions to generate the extraor-3

dinary diversity and complexity of a multicellular organism. This process is governed by gene regulatory4

networks (GRNs) operating through molecular interactions between regulators and their target genes,5

which collectively coordinate cell fate decisions, tissue morphogenesis, and organ formation [1, 2, 3].6

Deciphering the regulatory principles underlying normal development addresses fundamental questions7

in developmental biology [4, 5], provides the foundation for interpreting how regulatory disruptions8

lead to congenital diseases [6, 7, 8], predicting the effects of genetic and regulatory perturbations, and9

rationally manipulating developmental programs to engineer desired cellular outcomes for regenerative10

medicine [9, 10]. Together, these goals motivate the emerging vision of a predictive virtual embryo: a11

generalizable in silico system that can be queried and perturbed to understand developmental mecha-12

nisms, predict disease-associated perturbation outcomes, and guide cell-fate engineering [11, 12].13

Recent advances in single-cell RNA sequencing (scRNA-seq) have generated unprecedented tem-14

poral atlases of embryonic development [13, 14, 15, 16], profiling millions of cells across dozens of15

developmental time points from gastrulation through organogenesis to birth and capturing cellular states16

across diverse lineages and tissue types (Figure 1a,b). However, these snapshots capture only the out-17

comes of development at sampled time points. They reveal what cellular states exist at each measured18

moment but do not reveal how cells transition between states, what regulatory mechanisms drive these19

transitions, or how the system would respond to perturbations. Addressing these questions requires20

learning the underlying generative process itself: a continuous dynamical system that captures how reg-21

ulatory networks drive cellular state evolution over time, encodes the regulatory logic governing lineage22

decisions, and enables counterfactual simulation of developmental outcomes under unobserved pertur-23

bations. Generative modeling [17, 18] provides this capability by capturing the data-generating process,24

transforming static observations into a dynamic, predictive, and programmable framework for modeling25

embryogenesis (Figure 1c).26

Current computational approaches for modeling developmental processes face distinct limitations.27

Early trajectory inference methods, including Monocle [19, 20] and Diffusion Pseudotime [21], re-28

construct pseudotemporal ordering and branching structures from single-cell transcriptomes but do not29

explicitly model the underlying cellular dynamics. Methods based on RNA velocity [22, 23] cap-30

ture molecular-level dynamics but do not explicitly model temporal information, while trajectory map-31

ping [24] methods map population-level patterns but lack biological grounding in the molecular mech-32

anisms driving transitions, limiting their ability to provide mechanistic insight. Neural-ODE-based ap-33

proaches [25] can model continuous dynamics, but they can be computationally intensive and are not34

directly constrained by transcriptional kinetics. To address these gaps, we introduce Navigo, a biolog-35

ically grounded generative modeling framework that learns developmental vector fields by integrating36

flow matching at the population level with RNA kinetics modeling at the molecular level. At the popula-37

tion level, Navigo employs flow matching [26] to efficiently learn continuous vector fields from discrete38

temporal snapshots, enabling the model to capture smooth developmental trajectories across the en-39

tire cellular state space. At the molecular level, Navigo explicitly models transcriptional kinetics [27]40

through differential equations governing RNA transcription, splicing, and degradation, grounding the41

learned dynamics in the mechanistic processes that drive gene expression changes. This integration en-42

ables Navigo to capture both the temporal trajectories of development and the molecular mechanisms43

underlying cell state transitions, thereby providing a scalable and generalizable foundation for disease44

modeling, perturbation-effect prediction, and rational cell-fate engineering.45

We validate Navigo on a mouse embryogenesis scRNA-seq atlas [13] spanning embryonic day 8.546

(E8.5) to birth and comprising 12.4 million cells across 43 time points and 26 major trajectories (Fig-47

ure 1b). Navigo accurately maps developmental trajectories across lineages, achieving superior per-48

formance in interpolating cellular states between observed time points. The learned generative model49
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can also denoise cell populations affected by technical noise or sampling limitations by leveraging the50

continuous dynamics learned from population-level data. The power of this generative framework is51

demonstrated through three progressively complex biological applications spanning cell-fate mecha-52

nism understanding, prediction, and programming. First, in cell-fate mechanism understanding and dis-53

ease modeling, we characterize regulatory mechanisms distinguishing congenital heart disease (CHD)54

subtypes by simulating perturbations of CHD-associated genes [28] and analyzing their transcriptomic55

responses, revealing distinct functional modules and disease-specific pathway signatures. Second, in56

cell-fate prediction, Navigo achieves zero-shot perturbation-effect prediction of six genetic knockout57

phenotypes on an independent E13.5 dataset [29] without perturbation-specific training. Further anal-58

ysis of knockout responses within gene families reveals lineage-specific genetic compensation mecha-59

nisms, where the magnitude of the experimental knockout response depends on the predicted regulatory60

contribution of the perturbed gene relative to other family members. Third, in cell-fate programming,61

Navigo guides rational screening of transcription factor combinations for fibroblast reprogramming, suc-62

cessfully identifying established factors, discovering cross-lineage regulators [30], and achieving high63

AUROC in predicting hundreds of bHLH-POU TF combinations [31] for neuronal conversion in a zero-64

shot manner. Together, these results demonstrate that learning the generative process underlying devel-65

opment transforms static observational data into a generalizable AI platform for cell-fate mechanism66

understanding, prediction, and programming through in silico experimentation. By enabling disease67

modeling, perturbation-effect prediction, and rational cell-fate engineering within a single generative68

framework, Navigo advances toward AI-based predictive virtual embryos for developmental biology69

and regenerative medicine.70

Results71

Navigo Learns Dynamic Vector Fields from Temporal Atlas of Mouse Embryogenesis via72

Generative Modeling73

Modeling embryogenesis from single-cell temporal atlases poses two fundamental challenges (Fig-74

ure 1d). First, embryogenesis and developmental transitions are governed by high-dimensional non-75

linear regulatory mechanisms that are infeasible to measure directly given the current technologies.76

Models must therefore learn biologically meaningful transition dynamics driven by underlying gene77

regulatory networks (GRNs), rather than merely fitting arbitrary mathematical transformations between78

cell state distributions at discrete time points. Second, the destructive nature of single-cell sequencing79

eliminates ground-truth cell-to-cell correspondences across time points, making it impossible to directly80

observe individual cellular trajectories or lineage relationships. This requires models to infer develop-81

mental paths from population-level distributions without access to true cell pairings.82

To address these challenges, Navigo employs a generative modeling framework that learns the con-83

tinuous developmental vector field from temporal snapshots through joint modeling of molecular and84

population dynamics. At the molecular level, Navigo captures transcriptional dynamics using differen-85

tiable RNA velocity models (Figure 1e). The framework predicts biologically interpretable kinetic pa-86

rameters from smoothed unspliced and spliced RNA counts: transcription rates (α), splicing rates (β),87

and degradation rates (γ). Transcription rates are modeled as functions of mature mRNA abundance, re-88

flecting the principle that gene expression is regulated by upstream regulatory proteins, for which mature89

mRNA counts are used as a proxy for protein abundance [32, 33]. This design makes transcription rates90

both cell-specific and gene-specific, capturing cell-state dependent regulatory dynamics, while splic-91

ing and degradation rates remain gene-specific parameters, following previous studies [23, 32]. These92

kinetic parameters then define the velocity field through RNA kinetic equations, enabling the model93

to learn cell-specific regulatory dynamics that drive developmental transitions through a biologically94

grounded biophysical model of RNA transcription, splicing and degradation.95

At the population level, Navigo addresses the absence of ground-truth correspondences by inferring96
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Figure 1: Overview of the Navigo Framework. a. Overview of the mouse embryogenesis atlas profil-

ing developmental stages spanning from gastrulation (E8.5) to birth (E18.75) at 0.25-day intervals. The

dataset was profiled using sci-RNA-seq3 technology, providing the most comprehensive static snapshots

of the mouse embryogenesis process so far [13]. b. UMAP visualization of the mouse embryogenesis

temporal atlas colored by major developmental trajectories (left) and time points (right), with accom-

panying dataset statistics. Detailed colormaps can be found in the Supplementary Figure 1. c. Navigo

employs generative AI modeling to transform static snapshots into a continuous dynamic model of a

vector field. The generative modeling framework enables three key capabilities that cannot be achieved

from static snapshots alone: continuous trajectory inference across developmental time, mechanistic

interpretation of gene regulatory dynamics, and in silico intervention forecasts. d. Key challenges for

computationally modeling the embryogenesis process include inferring regulatory mechanisms govern-

ing developmental direction and the absence of ground-truth biological lineages. e. Model architecture.

At the molecular level, Navigo integrates differentiable kinetics into a biologically grounded architec-

ture. The model predicts transcription (α), splicing (β), and degradation (γ) rates based on spliced and

unspliced gene counts, from which developmental velocities are inferred. f. Optimization objective. At

the population level, the model is optimized using the rectified flow matching objective. The training

procedure iteratively alternates between linear interpolation along paired cells across time, and pair-

ing generation via ODE integration and nearest-neighbor matching, progressively refining from random

pairings to convergent optimal trajectory. g. Key applications enabled by Navigo include fate mecha-

nism understanding exemplified by trajectory mapping and regulatory network probing, fate prediction

exemplified by zero-shot knockout prediction, and fate programming exemplified by reprogramming

transcription factor prediction.

transport paths between cell state distributions across time points using rectified flow matching with97

iterative reflow (Figure 1f). Initial random pairings between cells at consecutive time points create a98

coupling structure with many crossing connections. Navigo then iteratively alternates between training99

the vector field to match velocities along the current paired paths and updating the pairings via ODE100

integration under the learned field. Across reflow iterations, the coupling structure is progressively101

“unwired,” transforming from tangled crossing paths into straighter, more coherent trajectories. This102

iterative refinement allows the model to infer plausible developmental paths without requiring prior103

cell correspondence information. To improve scalability, Navigo employs metacell aggregation, which104

reduces dataset size by grouping transcriptionally similar cells while preserving rare cell populations105

to maintain biological diversity (Methods). This integrated approach enables Navigo to capture both106

temporal progression and molecular mechanisms, supporting various applications (Figure 1g), including107

fate mechanism understanding (Figure 2,3), fate prediction (Figure 4), and fate programming (Figure 5).108

Navigo Accurately Maps the Mouse Embryogenesis Process109

A practical generative model of embryogenesis must learn the underlying regulatory process generating110

the observed data, rather than merely fitting static temporal snapshots. This distinction is critical because111

experimental scRNA-seq atlases have inherent limitations: data are collected at discrete time intervals112

with inevitable technical noise and sampling variability that can obscure true biological signals, partic-113

ularly for cell types that are hard to capture. A model that genuinely captures the generative process114

should be able to infer biologically meaningful cellular states at unobserved intermediate time points115

(interpolation) and distinguish genuine developmental dynamics from technical artifacts (denoising).116

We therefore evaluated Navigo on these two tasks (Figure 2a), which assess whether the learned vector117

field represents a faithful reconstruction of the continuous regulatory dynamics governing embryonic118

development.119

We first evaluated the interpolation performance of Navigo by testing whether the model accurately120
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Figure 2: Navigo accurately maps and denoises the mouse embryogenesis trajectory on a comprehen-

sive atlas. a. Overview of the study design: (i) schematic illustration of the interpolation and denoising

tasks; (ii) evaluation of model performance using two metrics, distributional concordance and cell type

agreement. b. Wasserstein distance comparison across different time intervals for distributional concor-

dance between Navigo, Moscot, TIGON, and naive baseline methods. Time interval denotes the tempo-

ral gap between consecutive training time points. Box plots display median (center line), interquartile

range (box, 25th–75th percentiles), and whiskers (10th–90th percentiles). Statistical significance was

assessed using two-sided Wilcoxon matched-pairs signed-rank tests. Statistical significance is denoted

by asterisks (four asterisks denote p ≤ 0.0001). n=95,40,15 for interval=0.5,1,2. c. UMAP visualiza-

tion comparing interpolation predictions from Navigo and Moscot. Three time points are shown: start

(E13.75), end (E14.75), and interpolated (E14.25). d. Jensen-Shannon (JS) divergence comparison for

cell type agreement between Navigo and baseline methods across three time intervals. Box plot con-

figuration and statistical analysis follow the same convention as in the panel b. e. Predicted cell type

frequency distributions from Navigo and baseline methods across cell types on the x-axis, ordered by

ground truth frequency. f. Computational scalability evaluation with respect to varying cell numbers.

Panels e and f share the same legend. g. Schematic illustration of Navigo’s denoising capability. De-

noising addresses challenges in experimental data where large cell populations may be inadequately

captured due to technical noise or sampling limitations, evaluated on both simulated and real experi-

mental datasets. h. Evaluation of predicted cell type proportions in simulated datasets. Cell type-time

pairs with fewer than 10 cells were filtered for stability. Dashed lines indicate the 95% confidence in-

terval around the regression line. “Noisy” denotes the simulated dataset with added noise. Association

was assessed using Pearson correlation. n = 27. i. Concordance of differentially expressed genes

(DEGs) between predicted and ground-truth cells of the same cell type in simulated datasets. For each

cell type, overlap between the two DEG sets was quantified by the F1-score. Statistical significance was

assessed using two-sided Wilcoxon matched-pairs signed-rank tests. n = 11. j. Comparison of original

and Navigo-predicted cell type proportions along the muscle cell developmental trajectory across time

points. Myofibroblast proportions at E18.25 exhibit apparent noise in the original data. k. Marker gene

expression dynamics along the myofibroblast developmental trajectory in original versus predicted cell

populations. l. Enriched biological pathways in original versus predicted myofibroblast populations at

E18.25. We used the hypergeometric test to calculate the p-value.

predicts gene expression distributions at held-out intermediate time points. We designed two predic-121

tion strategies: forward simulation, which predicts a held-out time point by integrating cells forward122

from an earlier observed population along the learned developmental vector field, and aligned interpo-123

lation, which predicts the intermediate population by interpolating between aligned cell pairs from the124

two flanking time points (Methods). Here we report results using aligned interpolation. Navigo con-125

sistently outperformed all baseline methods (Moscot [24], TIGON [25], and Random) across different126

interpolation time intervals (Figure 2b), as measured by Wasserstein distance with statistical signifi-127

cance confirmed by Wilcoxon matched-pairs tests. The visualization of UMAP further confirmed these128

results (Figure 2c), showing that Navigo-generated cells at E14.25 exhibited substantially better overlap129

with the ground truth compared to baseline methods. Performance for other metrics, forward simulation130

results, and visualizations for other time points are shown in Supplementary Figures 3 and 4.131

We further evaluated how accurately models predict cell type composition during interpolation132

(Methods). Navigo demonstrated significant superiority over baseline methods across all tested time133

intervals, quantified with Jensen-Shannon divergence between predicted and ground truth cell type pro-134

portions (Figure 2d), with Wilcoxon matched-pairs tests confirming highly significant differences. Visu-135

alization of predicted cell type proportions at E16.25 (Figure 2e) showed that Navigo predictions closely136

matched the ground truth distribution across different cell types, whereas baseline methods exhibited no-137

table deviations. Performance for other metrics, forward simulation results, and visualizations for other138
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time points are shown in Supplementary Figures 3 and 5.139

We then assessed the computational scalability of Navigo compared to other methods. As shown140

in Figure 2f, Navigo demonstrates superior scalability characteristics. TIGON [25], which employs141

a Neural-ODE framework operating in a relatively low-dimensional space with 10 features, requires142

substantially longer training time on large datasets. In contrast, Navigo with flow matching shows143

substantially better scalability while operating in a much higher-dimensional space (3,902 genes). This144

difference is critical because excessive dimensionality reduction inevitably results in information loss145

that compromises the model performance, as demonstrated by the inferior performance of TIGON in146

Figure 2b-d. The computational advantage of flow matching stems from its ability to directly regress the147

vector field through simulation-free objectives during training, whereas Neural-ODE methods require148

solving ordinary differential equations during both forward and backward passes.149

We next evaluated the denoising capability of Navigo by testing whether the model can recover150

true cellular states when technical artifacts cause under-representation of specific populations. For this151

task, we employed forward simulation to generate denoised cell populations (Methods). We designed152

two complementary evaluation settings (Figure 2g). In the simulated setting, we randomly selected X153

cell type-time point pairs and retained only Y% of cells from each selected pair to simulate controlled154

noise scenarios across diverse developmental contexts. Specifically, we set X = 100 and Y = 20 in155

our experiments. In the real setting, we identified instances where certain cell types showed anoma-156

lously low proportions at particular developmental stages, likely reflecting technical capture difficulties157

or biological noise.158

In the simulated setting, we first evaluate the agreement between the predicted denoised cell type159

proportions and the ground truth proportions without added noise. As shown in Figure 2h, the predicted160

proportions are highly correlated with the ground truth cell type proportions, with a high Pearson corre-161

lation indicating that our model can effectively recover cell type proportions that are highly consistent162

with the ground truth. In Figure 2i, we further evaluate the marker gene prediction capability of Navigo163

(Methods) by assessing how well the marker genes derived from the predicted cell population align with164

the marker genes derived from the ground truth cell population. Navigo achieves significantly higher165

F1 scores compared to the noised population, demonstrating its effective denoising performance. The166

performance comparisons under other hyperparameters for X,Y are shown in Supplementary Figure 6.167

In the real setting, we focus on a case study of myofibroblasts, as shown in Figure 2j. The noisy168

cell type proportions exhibit a notable irregularity for the myofibroblast proportion at E18.25 (red box),169

which appears inconsistent with the smooth developmental trajectory observed at other stages. After ap-170

plying Navigo denoising, this anomaly is corrected, resulting in a smoother temporal progression of my-171

ofibroblast proportions that better aligns with expected gradual developmental transitions during skeletal172

muscle development. To validate the denoising accuracy, we examine the expression patterns of several173

myofibroblast marker genes (Figure 2k). The Navigo-denoised cell population shows improved con-174

cordance with the expected expression dynamics of key markers, including Cdkn1c [34], Synpo2 [35],175

Myf6 [36], Tnnc2 [37], Myog [38], and Aldoa [39], across the developmental time points from E18.0 to176

E18.75. Results across other marker genes are shown in Supplementary Figure 7a. Furthermore, path-177

way enrichment analysis (Figure 2l) reveals that upregulated genes identified from the Navigo-denoised178

population by differential expression analysis against myofibroblasts at other developmental time points179

(Methods) exhibit significantly stronger enrichment for relevant biological processes than those identi-180

fied from the noisy population. Specifically, myofibroblast-related pathways, including skeletal muscle181

contraction [40], metabolic processes [41], stress response [42], and cellular movement [43], all demon-182

strate higher statistical significance (lower p-values) in the denoised population. Notably, these pathways183

show a consistent enrichment across adjacent time points (E18.0, E18.5, E18.75) but are not enriched in184

the noisy E18.25 data (Supplementary Figure 7b), confirming that Navigo effectively recovers biolog-185

ically meaningful cell type populations by restoring the temporal continuity of pathway activity. Case186

studies on other cell types are shown in Supplementary Figure 7c-h.187
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Figure 3: Navigo learns complex gene regulatory networks without prior knowledge. a. Illustration of

the Jacobian network learned from the Navigo framework (i) and the evaluation procedure (ii). Networks

are benchmarked for consistency with ChIP-seq databases across developmental lineages. b. AUROC

scores comparing the network inferred from different methods against that of ChIP-seq databases across

developmental lineages. We used two-sided Wilcoxon matched-pairs signed-rank tests to assess statis-

tical significance (n=67). c. Schematic of CHD GRN characterization. Different CHD subtypes are

driven by distinct GRNs. Navigo quantifies subtype-specific GRNs by simulating knockout and mea-

suring transcriptomic responses. d. UMAP visualization of gene knockout response vectors averaged

across cells reveals functional clustering. Each point represents the average transcriptomic response

across cells to knocking out a specific CHD-associated gene. Clusters correspond to distinct develop-

mental processes. e. Top CHD genes in each cluster ranked by minimum distance to the cluster center.

Bold genes highlight the five genes with the smallest average distance across clusters. f. Proportion

of CHD subtype-associated genes in each response-vector cluster, with proportions summing to 1 for

each subtype. g. Regulatory interaction network of CHD genes. Edge thickness indicates mutual reg-

ulatory strength between genes. h. Pathway enrichment analysis of knockout-induced transcriptomic

responses, stratified by outflow tract (OT) defect association. For each gene, pathway enrichment was

computed from the gene knockout response vector. Ratio denotes the proportion of genes in each OT

defect group whose knockout response was significantly enriched for a given pathway (hypergeometric

test, p < 0.05). i. Impact of ASD- and VSD-associated genes on ventricular and atrial marker expres-

sion. Ventricular and atrial markers were defined as the top 50 upregulated differentially expressed genes

for each cell type. p-values were calculated using a two-sided Wilcoxon rank-sum test. Gene numbers:

ASD (5), VSD (12), Both (27). j. Examples of defect-specific regulatory effects. Top 10 regulated genes

by Smad3 (ASD-specific), Gata6 (VSD-specific), and Myh7 (shared). Colors indicate ventricular (blue)

or atrial (orange) identity.

Navigo Enables Understanding of Lineage-specific and Disease-specific Gene Regulatory188

Networks189

To evaluate whether the development vector field accurately captures lineage-specific GRNs, as shown190

in Figure 3a, we first extracted regulatory networks directly from the learned vector fields by computing191

the Jacobian matrix, which quantifies how changes in mature RNA counts Sj influence transcription192

rates αi as Jij = ∂αi

∂Sj
. This Jacobian element Jij represents the regulatory strength of Gene j on Gene193

i. The inferred regulatory network was then compared against ChIP-seq experimental data from the194

ChIP-Atlas [44] database, which measures transcription factor (TF) binding across diverse cell lineages195

and serves as experimental reference for validation. As shown in Figure 3b, Navigo consistently out-196

performed existing methods (CellOracle and Dynamo) in recovering known TF-target relationships as197

measured by AUROC scores (Methods), with statistical significance confirmed by Wilcoxon matched-198

pairs tests (p-value < 0.05). These results demonstrate that Navigo effectively learns the regulatory logic199

across different cell types.200

We next applied this validated framework to investigate the gene regulatory mechanisms underlying201

developmental diseases by analyzing CHD [45] (Figure 3c), structural abnormalities of the heart that de-202

velop during fetal development and represent the most common type of birth defect. CHDs encompass203

diverse subtypes including atrial septal defects (ASDs), ventricular septal defects (VSDs), outflow tract204

(OT) defects, heterotaxy, functional single ventricle, and obstructive lesions. Although genes associ-205

ated with different CHD subtypes are known to involve distinct developmental processes, how different206

CHD genes affect specific regulatory pathways and networks to cause particular defect types remains207

incompletely understood.208

To quantify the impact of individual genes on the developmental regulatory network, we simulated209

knockouts of CHD-associated genes from the CHDgene database [28] by setting their expression to zero210
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and predicting downstream transcriptomic changes using the learned vector field (Methods). For each211

knockout, we compared the perturbed trajectory to the wild-type trajectory to obtain a response vector212

quantifying the gene’s regulatory impact. This approach enabled systematic comparison of network213

perturbations caused by different CHD genes.214

To obtain an overview of how different CHD genes perturb the regulatory network, we performed215

unsupervised clustering of the response vectors using K-means. We determined the optimal number of216

clusters using the elbow method (Supplementary Figure 8a), which identified four distinct functional217

modules (Figure 3d, Supplementary Figure 9). To characterize the biological processes affected by each218

module, we computed the average response vector for each cluster and performed pathway enrichment219

analysis using the hypergeometric test (Methods). This analysis revealed that each CHD gene clus-220

ter has distinct biological functions. Cluster 1 genes primarily affected cardiac development processes221

including cardiac muscle tissue development, cardiac muscle contraction, and heart morphogenesis.222

Cluster 2 genes primarily affected vascular development processes including blood vessel morphogen-223

esis and circulatory system development. Cluster 3 genes regulated general embryonic development224

processes such as chromosome organization and Wnt signaling. Notably, Cluster 0 genes influenced225

neuronal development processes such as synapse organization, cell junction organization, and neuron226

projection guidance, consistent with clinical observations of neuro-developmental impairments in CHD227

patients [46, 47] and genetic evidence linking CHD and neuronal developmental programs [48]. We pro-228

vided the top 20 enriched pathways for each cluster in Supplementary Figure 10. In contrast, the same229

analysis using Dynamo (Supplementary Figure 8b-d and Supplementary Figure 11) failed to generate230

biologically meaningful CHD gene clusters.231

We further examined the connections between genes, disease subtypes, and the identified clusters.232

Figure 3e shows genes with minimal distance to each cluster centroid, with bold genes representing233

those with minimal summation distance across all four clusters. Notably, Gata4, Tbx5, and Tbx20234

from Cluster 0 are known to regulate both cardiac and neuronal development [49, 50, 51, 52, 53, 54].235

Hand1 and Hand2 from Cluster 1 are critical for both cardiac tissue and vascular development [55, 56].236

Furthermore, Son, Arid1a, and Igf2 from Cluster 3 are known as critical regulators of embryogene-237

sis [57, 58, 59, 60, 61]. We also analyzed the distribution of CHD genes across clusters for different dis-238

ease subtypes (Figure 3f). Each CHD subtype appeared to be caused by a mixture of genes from different239

clusters, reflecting the complex genetic basis of CHD. Notably, heterotaxy showed a distinct pattern, be-240

ing primarily associated with Cluster 0 (neuronal) and Cluster 1 (cardiac), with minimal representation241

in embryonic or vascular-specific clusters. This pattern is particularly compelling as it aligns with the242

known mechanistic basis of heterotaxy, which primarily results from ciliary dysfunction [62, 63]. Im-243

portantly, cilia are cellular structures that coordinate signaling networks critical for both cardiac [64, 65]244

and neural development [66]. To further characterize the regulatory relationships among CHD genes,245

we constructed a regulatory interaction network where edge width indicates the mutual regulatory im-246

pact between genes (Figure 3g, Methods). Genes with the strongest regulatory effects included Gata4,247

Gata5, Tbx5, Myh6, and Myh7, which are well-known core cardiac regulators [67, 68, 69, 70, 71]. No-248

tably, the network revealed strong interactions between the neuronal cluster (Cluster 0) and both the249

cardiac cluster (Cluster 1) and vascular cluster (Cluster 2). This observation aligns with the established250

neurovascular congruency during development [72, 73, 74] and the crosstalk between neural and cardiac251

systems during development and function [75, 76]. Together, these findings validate the biological rel-252

evance of our predicted gene clusters and their associations with specific developmental processes and253

disease phenotypes.254

We next examined pathway enrichment patterns for individual CHD types. We performed pathway255

enrichment analysis using the response vectors within each CHD class, calculating the ratio of genes256

showing significant enrichment (p-value < 0.05) and identifying pathways with the highest ratio dif-257

ference between each CHD disease group and the rest of the genes. As shown in Figure 3h, CHD258

genes associated with OT defects showed distinctly higher enrichment in several developmental path-259

ways compared to other CHD genes. Cell junction-related pathways showed prominent enrichment,260
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consistent with the critical role of adherens junctions and cell-cell contacts in epithelial formation dur-261

ing OT development [77, 78]. Migration-related pathways, including smooth muscle cell migration and262

locomotion, were also enriched, reflecting the importance of cardiac neural crest cell migration and263

smooth muscle cell migration in OT morphogenesis [79, 80]. Additionally, differentiation and signaling264

pathways, including regulation of cardiomyocyte differentiation, cAMP response, and intracellular sig-265

naling, showed differential enrichment, reflecting the importance of coordinated cellular differentiation266

and signaling cascades in OT development [81, 82]. These pathway enrichment patterns align well with267

known biological mechanisms underlying OT defects, demonstrating that our model accurately captures268

disease-specific regulatory pathways. The results for other CHD subtypes are shown in Supplementary269

Figure 12a.270

We then investigated whether our method can distinguish between ASD and VSD, two similar sep-271

tal defects affecting different heart chambers. We calculated the impact ratio of each CHD gene on272

ventricular versus atrial markers (Methods), comparing genes causing ASD, VSD, or both defects. The273

differentially expressed genes (DEGs) between ventricular and atrial cardiomyocytes are shown in Sup-274

plementary Figure 12b. As shown in Figure 3i, VSD genes showed higher impact on ventricular markers275

while ASD genes showed higher impact on atrial markers, aligning with their anatomical locations, and276

genes causing both defects showed intermediate patterns. In contrast, Dynamo failed to capture this277

directionality. We further examined specific gene examples in Figure 3j, showing the top affected ven-278

tricular and atrial markers for representative CHD genes associated with ASD (Smad3), VSD (Gata6),279

and both defects (Myh7), which confirmed the chamber-specific regulatory effects predicted by our280

method. These results demonstrate that our method accurately distinguishes the cell-type-specific regu-281

latory mechanisms underlying closely related CHD subtypes.282

Navigo Predicts Genetic Perturbation Outcomes Without Training on Specific Knockout283

Data284

A key promise of learning developmental dynamics is the ability to perform in silico genetic perturba-285

tions, creating “virtual embryos” to predict how genetic knockout (KO) reshapes cell fates and gene ex-286

pression programs without requiring costly and time-consuming animal work, gene editing and scRNA-287

seq experiments. We evaluated Navigo’s ability to predict genetic KO outcomes without training on any288

knockout data using an independent scRNA-seq dataset of mouse embryonic gene expression following289

genetic KO (Figure 4a). This dataset [29] includes six KO genotypes, generated via standard gene-290

editing and breeding or tetraploid aggregation, and profiled by single-cell sequencing at E13.5 alongside291

wild-type controls.292

To assess zero-shot KO prediction, we simulated KO by replacing each KO gene’s expression in293

all wild-type cells with mgi, where gi is the mean non-zero expression of gene i in wild-type cells,294

and m < 0 is a hyperparameter controlling the KO strength. The negative intervention value was295

used to represent a sustained inhibitory signal during simulation, following the perturbation strategy296

used in Dynamo [23]. We then applied Navigo’s ODE-based inference to predict developmental gene297

expression changes and identified the most affected genes by comparing the predicted KO and WT298

profiles (Methods). These predictions were validated against ground-truth DEGs, determined using a299

Wilcoxon rank-sum test with Benjamini-Hochberg correction (FDR < 0.05). Detailed statistics for300

different cell types and KOs are shown in the Supplementary Figure 13-15.301

As demonstrated in Figure 4b, this prediction task poses several challenges. First, the two datasets302

originate from independent studies, creating a data gap that tests model generalization. Second, analysis303

of ground-truth DEGs revealed substantial variance across KO-lineage combinations, with a substantial304

proportion of combinations producing relatively few DEGs. Third, a temporal mismatch exists: while305

actual KOs occur at embryogenesis onset, data availability and computational constraints limit our sim-306

ulations to nearby time points around the E13.5 profiling stage. Specifically, we used five time points307

(E12.5, E12.75, E13.0, E13.25, and E13.5) to simulate KO impacts and averaged the predicted gene308
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Figure 4: Navigo predicts genetic perturbation outcomes without training on specific knockout datasets.

a. Overview of Navigo’s inference of genetic knockout effects during mouse embryogenesis using large-

scale scRNA-seq data. (i) Knockouts are introduced at embryogenesis onset, and embryos are collected

at E13.5 for scRNA-seq profiling of wild type and mutant samples. (ii) Top affected genes for each

knockout and cell type are identified by differential expression (DE) analysis. (iii) Navigo simulates

developmental trajectories and predicts the most affected DE genes, enabling direct comparison with

experimental results. b. Prediction challenges: (i) the inference dataset is from an independent scRNA-

seq study, resulting in substantial batch effects relative to the training data; (ii) for most gene knockout-

cell type combinations, the proportion of DEGs between wild type and perturbation is low, as not every

knockout produces significant changes in all cell types. c. Pearson correlation between the number of

ground truth DEGs and absolute predicted expression changes across different gene KO and cell type

pairs (n=35). d. Relationship between knockout effect size, defined by the number of ground truth

DEGs, and prediction accuracy. e. Performance on the Gli2 KO effect prediction on different cell types.

f. Assessing the robustness of the predicted results in terms of the perturbation strength hyperparameter.

g. Illustration of the gene compensation process. In the case of Gli2 KO, genes in the same family could

compensate for the effects of Gli2 KO, thereby maintaining the function of development pathways. h.

Comparison between the enriched pathways of the predicted top DEGs and the ground truth DEGs. i.

Comparison of the simulated effects of the genes in the Gli family and the number of DEGs across

different cell types. The simulated effect is quantified by the gene expression change after simulated KO

and normalized by the maximal effect in the family. The DEG number is the ground truth DEG number

of Gli2 KO. j. similar to panel i, but for the Scn family. The DEG number is the ground truth DEG

number of Scn10a/11a KO. k Regulatory directionality predicts gene sensitivity to Gli2 knockout. Left:

Predicted Gli effectors grouped by comparing simulated Gli1/Gli3 double KO with Gli2 KO directions.

Right: Enrichment of experimental Gli2 KO DEGs in “Same Directions” versus “Different Directions”

categories across lineages.

expression changes across these time points.309

Gene expression changes following KO vary across developmental lineages: some cell types exhibit310

substantial expression changes, while others remain relatively stable due to compensatory mechanisms.311

We assessed whether Navigo captures this heterogeneity by examining the correlation between predicted312

mean absolute expression changes and the number of ground-truth DEGs. As shown in Figure 4c and313

Supplementary Figure 16a, we observed a positive correlation across gene-lineage combinations (each314

dot represents one combination). This demonstrates that the model effectively prioritizes combinations315

likely to produce observable experimental outcomes, with lineage-specific correlations shown in Sup-316

plementary Figure 16c.317

We next benchmarked Navigo against existing methods across different developmental lineages for318

Gli2 KO. We evaluated prediction performance using Top-50 precision, defined as the percentage of319

ground-truth DEGs recovered among the top 50 genes ranked by predicted expression change magni-320

tude. As shown in Figure 4d, Navigo consistently outperformed both the random baseline and CellOr-321

acle. For the random baseline, we randomly sampled a set of genes with the same size as the ground-322

truth DEG set for each gene-lineage combination and computed Top-50 precision against this random323

set. Notably, Navigo achieved higher prediction precision on gene-lineage combinations with stronger324

perturbation signals. Similarly, we also observed that Navigo achieved higher prediction precision in lin-325

eages with stronger perturbation signals, as measured by the number of ground-truth DEGs (Figure 4e,326

Supplementary Figure 16b). To assess sensitivity to the perturbation hyperparameter m, which controls327

the magnitude of simulated gene expression reduction upon KO, we evaluated Navigo’s performance328

across different m values (Figure 4f). Navigo maintained stable Top-50 precision across a range of m329

values, indicating that its prediction performance is relatively insensitive to this hyperparameter choice.330

Beyond quantitative benchmarking, we investigated whether Navigo provides mechanistic insights331
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into the variable KO responses across lineages. Genetic compensation [83, 84] represents a fundamental332

yet incompletely understood phenomenon in developmental biology, whereby the loss of a gene can333

be buffered by functional redundancy from other genes within the same gene family. As shown in334

Figure 4g, despite Gli2 being an essential TF regulating multiple critical developmental pathways [85,335

86, 87], Gli2 KO embryos remain viable at E13.5, suggesting that other Gli family members (Gli1 and336

Gli3) may compensate for Gli2 loss [88, 89]. Consistent with this principle, Figure 4b shows that KO337

responses vary substantially across both genes and developmental lineages, indicating context-dependent338

compensation.339

To assess whether Navigo reliably captures pathway-level compensation patterns, we performed340

pathway enrichment analysis on both model-predicted and experimentally observed DEGs from Gli2341

KO using the hypergeometric test. This analysis revealed heterogeneous compensation: while some de-342

velopmental pathways (EMT [90], WNT [87], Hedgehog [85]) showed significant enrichment following343

Gli2 KO (p < 0.05), others remained stable, as shown in Figure 4h (limb mesenchyme). The model-344

predicted enrichment patterns closely matched experimental observations, accurately identifying which345

pathways were significantly perturbed or stable, supporting its reliability for downstream interpretation.346

Results on other cell types are shown in Supplementary Figure 17.347

We next analyzed the factors underlying lineage- and gene-dependent variability in KO responses.348

We hypothesized that, within a gene family, the magnitude of the experimental KO response depends349

on the perturbed gene’s relative regulatory contribution compared with its paralogs in a given lineage.350

To test this idea, we performed systematic KO simulations for all genes in each family and quantified,351

for each lineage, a family-normalized score for each member’s predicted regulatory contribution. We352

then compared these simulation-derived scores with DEG counts measured in the corresponding ex-353

perimental KO datasets. In the Gli family (Figure 4i), the lineage-specific pattern of predicted Gli2354

contribution was concordant with the pattern of DEG counts across lineages in the experimental Gli2355

KO data. Specifically, lineages in which Gli2 was predicted to contribute more strongly than Gli1/Gli3356

showed larger experimental KO responses (more DEGs), whereas lineages in which Gli2 was predicted357

to play a weaker relative role showed smaller responses. Thus, although the simulated contribution score358

and experimental DEG count are different quantities, their agreement across lineages indicates that the359

model captures biologically meaningful differences in Gli2 dependence. In the Scn family (Figure 4j),360

Scn9a consistently showed the highest predicted regulatory contribution relative to Scn10a and Scn11a361

across all examined lineages. Consistent with this prediction, experimental double KO of Scn10a/11a362

resulted in minimal DEGs, suggesting that Scn9a buffers their loss. Together, these observations support363

the idea that the balance of regulatory contribution among paralogs determines KO response magnitude.364

Beyond explaining response magnitude, we investigated which specific downstream genes are sensi-365

tive to KO by examining regulatory directionality among family members. We hypothesized that genes366

co-regulated in the same direction by family members would be more sensitive to gene KO perturba-367

tions than genes subject to opposing regulation. Using Navigo, we simulated Gli1/Gli3 double KO and368

Gli2 KO separately and classified predicted Gli effectors into “Same Directions” (concordant regulation369

by Gli2 versus Gli1/Gli3) and “Different Directions” (opposing regulation) categories (Figure 4k, left).370

Hypergeometric enrichment analysis revealed significant enrichment of experimental Gli2 KO DEGs in371

the “Same Directions” category across lineages (Figure 4k, right). This pattern is consistent with dosage372

sharing in redundant gene regulation, where loss of one family member reduces combined regulatory373

output below a functional threshold, making expression changes more likely to manifest [91]. Con-374

versely, effectors in the “Different Directions” category tend to remain buffered, as the opposing regula-375

tory activities of remaining family members can partially compensate for the loss [92]. Supplementary376

Figure 18 shows similar enrichment patterns for simulated single KOs of Gli1 and Gli3. Together, these377

results suggest that Navigo captures interpretable regulatory logic linking two complementary aspects of378

gene family compensation to KO outcomes: the balance of regulatory activity among paralogs may in-379

fluence response magnitude, while regulatory directionality may determine which specific downstream380

genes are most affected.381
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Navigo Interprets and Discovers Key TFs for Cell Reprogramming382

Cellular reprogramming has emerged as a versatile platform for regenerative medicine, enabling direct383

generation of therapeutically relevant cell types such as cardiomyocytes for cardiac repair [93], neu-384

rons for neurodegenerative disease treatment [94], hepatocytes for liver regeneration [95], and insulin-385

producing beta cells for diabetes therapy [96]. While Navigo was trained on natural developmental tra-386

jectories from time-lapse scRNA-seq data, we hypothesized that its learned regulatory dynamics could387

generalize to predict induced reprogramming outcomes, as both processes involve coordinated changes388

in GRNs that drive cell fate transitions. Successfully predicting reprogramming outcomes would demon-389

strate Navigo’s practical utility for rational design of cellular reprogramming and TF discovery in regen-390

erative medicine.391

Fibroblasts can be reprogrammed into specific cell types by overexpression of key TFs in cell culture.392

As shown in Figure 5a, we computationally simulated this process by setting a candidate TF’s expression393

to a high value and performing forward inference to predict the resulting gene expression changes. We394

then compared the direction of these predicted changes with that of the known DEGs distinguishing the395

target cell type from fibroblasts, and used the resulting directional accuracy as a proxy for reprogram-396

ming potential, reasoning that TFs with stronger reprogramming potential should induce transcriptional397

changes more consistent with those observed during successful target fate conversion (Methods). First,398

we evaluated Navigo’s performance in predicting cell-type-specific reprogramming TFs across diverse399

lineages. We curated the most widely recognized TFs for reprogramming fibroblasts to specific cell400

types (Supplementary Figure 19a). For each target cell type, we classified all combinations of its widely401

recognized TFs as positive examples, while treating TF combinations for other cell types as negative ex-402

amples (Methods). We then calculated AUROC scores based on Navigo’s prediction accuracy. As shown403

in Figure 5b, both AUROC and AUPRC scores were consistently high across all lineages, demonstrat-404

ing robust and accurate predictive capabilities of our model. To ensure result reliability, we validated405

these findings using three different model checkpoints for each cell type and bootstrapped five different406

subsets for each cell type, further confirming the robustness of our predictions.407

Interestingly, some high-ranking TFs in Navigo are not canonical regulators of the target lineage.408

Rather than reflecting model limitations, these predictions may capture genuine cross-lineage repro-409

gramming potential [30]. While early reprogramming studies [97, 98] assumed TFs possessed unique410

lineage-specific capabilities, recent work [30] has revealed that certain TFs function as cross-lineage reg-411

ulators capable of driving the reprogramming of multiple distinct cell fates. To investigate whether Nav-412

igo could independently discover such factors through in silico simulation, we analyzed predicted accu-413

racy rankings for cardiomyocytic and neuronal reprogramming (Figure 5c). Notably, the neuronal factor414

Ascl1 ranked highly in cardiomyocytic predictions, surpassing canonical GMT factors (Gata4, Mef2c,415

Tbx5), consistent with experimental evidence of Ascl1’s cross-lineage functionality [30]. Similarly, Nav-416

igo independently identified the neuronal reprogramming potential of Neurog3, initially characterized417

for fibroblast-to-pancreatic beta cell conversion [99] and later validated for neuronal reprogramming418

[31]. To further validate Navigo’s predictions, we compared perturbation predictions of top-ranked TF419

combinations against experimental results [30]. Pathway enrichment analysis (Figure 5d) of highly ac-420

tivated downstream genes showed strong concordance: both GMT and neuronal reprogramming TFs421

activated overlapping pathways in synapse organization, heart development, and muscle structure devel-422

opment, demonstrating the biological relevance of the cross-lineage regulatory mechanisms predicted423

by our approach.424

We then evaluated Navigo’s capabilities in systematically screening a wider range of TFs to identify425

alternative candidates for cell reprogramming. Cardiomyocytes were selected as the target cell type due426

to extensive research in this field. Initially, we selected the top 50 TFs with the highest expression lev-427

els in cardiomyocytes, followed by screening and ranking these TFs based on prediction accuracy. As428

shown in Figure 5e, we identified the top 10 most promising TFs for reprogramming, with TFs validated429

by existing literature highlighted in bold text. For instance, Esrrg, when combined with GMT fac-430
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Figure 5: Navigo interprets and discovers key TFs for cell reprogramming. a. Illustration of the eval-

uation setup. (i) Fibroblasts can be reprogrammed into diverse cell types through overexpression of

specific TFs, offering significant potential for regenerative medicine applications. (ii) Differential ex-

pression analysis identifies genes up- or down-regulated between fibroblasts and target cell types. (iii)

Navigo identifies candidate reprogramming TFs via in silico simulation by modeling TF overexpression

and predicting the resulting gene expression changes. (iv) Reprogramming accuracy is measured by

the consistency of the direction of predicted expression changes with that of experimentally observed

changes in the top 200 upregulated and 200 downregulated DEGs. This metric serves as a proxy for re-

programming potential, because TFs with greater reprogramming potential are expected to induce tran-

scriptional changes more consistent with successful target fate conversion. b. Quantitative evaluation

of predicted reprogramming factor rankings for different target cell types. The experiments are repli-

cated using three checkpoints with five seeds each. c. Navigo independently recovers experimentally

validated cross-lineage reprogramming TFs from two prior studies. TFs or TF combinations previously

shown to drive cross-lineage reprogramming are highlighted in bold and are ranked highly by Navigo

for the corresponding target fate. d. Shared pathways activated by GMT (Gata4, Mef2c, Tbx5) TFs and

established neuronal reprogramming factors. We used hypergeometric tests to obtain the p-value. Points

for each pathway are jittered along the x-axis for visualization. e. Screening highly expressed TFs in car-

diomyocytes identifies novel candidates for cardiac reprogramming from fibroblast cells. f. GMT TFs

may simultaneously activate both reprogramming and pro-fibrotic markers initially, with pro-fibrotic

signals subsequently inhibiting the reprogramming process. g. GRNs inferred by Navigo illustrating

interactions between reprogramming TFs, pro-fibrotic markers, and cardiac development-related genes.

h. Navigo predicted inhibition of pro-fibrotic pathway genes can lead to reprogramming efficiency

improvement. i. Systematic screening for neuronal reprogramming TFs. Navigo’s predictions were

evaluated using the experimental reprogramming efficiency map from [31]. j. Navigo-based ranking of

bHLH TFs (bold font indicates experimentally validated successful neuronal reprogramming factors). k.

Overall AUROC scores and performance curves for all bHLH-POU TF combinations with programming

effect threshold 0.8 and expression threshold 0.01. The programming effect threshold sets measured val-

ues below a cutoff to zero, and the expression threshold selects TFs above minimum average expression.

l. Relationship between expression level and predicted accuracy for POU TFs.

tors and applied to human fibroblasts, significantly enhances reprogramming success [100]. Similarly,431

Tbx20 promotes cardiac reprogramming by activating genes associated with cardiac contractility, mat-432

uration, and ventricular development [101]. Other literature-validated factors include Hif1a [102] and433

Mitf [103, 104]. These findings demonstrate Navigo’s potential for identifying promising TF candidates434

even without prior knowledge of GRNs.435

Programming efficiency represents a primary challenge in fibroblast-to-cardiomyocyte reprogram-436

ming for practical applications [105]. Recent studies have identified that GMT factors concomitantly437

activate pro-fibrotic pathways during cardiac reprogramming, which subsequently inhibit fibroblast con-438

version [105] (Figure 5f). We sought to recapitulate this regulatory mechanism using Navigo. By sys-439

tematically simulating overexpression of candidate genes and quantifying their regulatory impacts, we440

reconstructed regulatory relationships among key genes involved in this process (Figure 5g). Our anal-441

ysis revealed a regulatory cascade where cardiac-promoting TFs (Gata4, Mef2c, Esrrg, Hif1a, green442

nodes) activate pro-fibrotic markers (Meox2, Igf1, Col3a1, Hmga2, Klf12, Bnc2, brown nodes), which443

in turn suppress essential cardiac developmental genes (Sgcd, Cacna1c, Tgfbr3, Nr3c1, Adamts9, Dlc1,444

purple nodes). This Navigo-inferred network recapitulates the experimentally observed antagonistic445

mechanism. Furthermore, in silico knockdown of the pro-fibrotic genes along with the overexpression446

of GMT genes substantially improved Navigo’s prediction accuracy (Figure 5h), consistent with experi-447

mental findings that pro-fibrotic pathway suppression enhances reprogramming efficiency [105], thereby448

supporting the biological relevance of our computational model.449
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We next evaluated Navigo’s capacity to predict fine-grained reprogramming outcomes by examining450

combinations of established neuronal reprogramming factors from two well-characterized TF families:451

bHLH TFs [106] and POU TFs [107]. We leveraged data from a recent study [31] that systematically452

screened pairwise combinations across 46 bHLH family members and 12 POU family members, gener-453

ating quantitative reprogramming efficiency maps that classified TF pairs as either successful neuronal454

inducers or failed combinations (Supplementary Figure 19b). Following the same combinatorial screen-455

ing strategy employed experimentally, we computationally evaluated all possible TF pairs using Navigo456

to predict their reprogramming efficiency (Figure 5i). This framework presents a stringent test of Nav-457

igo’s predictive capabilities due to two challenges: the relatively small functional distinctions within458

the same TF family and the need to predict synergistic interactions between factor pairs rather than459

individual effects.460

We first conducted systematic screening of bHLH TFs, where only 16 of the 46 family members461

demonstrated successful experimental reprogramming capabilities. Single TF overexpression screening462

identified the top 10 candidates most likely to facilitate fibroblast-to-neuron reprogramming as predicted463

by Navigo (Figure 5j). Remarkably, 7 of these 10 top-ranked TFs were experimentally validated (bold) to464

induce neuronal programming, demonstrating our model’s capability to effectively prioritize promising465

candidates within the same TF family.466

For combinatorial screening, we applied two filtering thresholds to improve prediction robustness.467

The experimental study [31] quantified neuronal induction for each TF pair as the percentage of TUJ1-468

positive cells among plated fibroblasts at day 14 post-induction, with higher values indicating stronger469

reprogramming activity. We therefore applied a programming effect threshold to this experimental read-470

out, setting values below a cutoff to zero to exclude weak or potentially noisy effects. In parallel, the471

expression threshold filtered lowly expressed TFs that may be more challenging to predict accurately.472

As shown in Figure 5k, Navigo achieved an AUROC of 0.764. We further evaluated different combi-473

nations of programming effect and expression thresholds (Supplementary Figure 20) and found that the474

model maintained reasonable performance across most parameter settings, with improved performance475

under stricter thresholds. We also evaluated anchor-based combinatorial screening, where one TF from476

a given family was fixed while screening the other family for optimal partners, and observed similarly477

robust performance across a broad range of threshold settings, with generally improved AUROCs under478

more stringent filtering (Supplementary Figure 21).479

We next examined how model performance varies with TF expression levels (Figure 5l and Sup-480

plementary Figure 22). By calculating the mean expression level of each TF and its corresponding481

AUROC in anchor-based combinatorial screening, we observed a positive correlation, indicating better482

predictions for highly expressed TFs. This suggests that predicting reprogramming outcomes for lowly483

expressed TFs remains challenging in zero-shot settings, where limited expression signal may tend to484

reflect technical noise and thus hinder accurate modeling. Improving performance on lowly expressed485

TFs represents a promising direction for future work.486

Discussion487

In this paper, we introduce Navigo, a biologically grounded generative modeling framework that learns488

predictive developmental dynamics from static snapshots of embryogenesis. This framework addresses489

a fundamental challenge in developmental biology: while single-cell technologies have generated un-490

precedented atlases profiling millions of cells across development [13, 14, 15, 16], these data capture491

discrete snapshots rather than the continuous dynamical system that generates cell-fate transitions. Un-492

derstanding these dynamic regulatory processes is essential for building generalizable AI platforms that493

can model developmental diseases, predict the consequences of genetic and regulatory perturbations,494

and guide rational cell-fate engineering for regenerative medicine.495

Navigo advances this vision by integrating flow matching at the population level with RNA kinetics496

modeling at the molecular level, learning continuous dynamics that govern cell state transitions during497
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development. We evaluate Navigo along three complementary axes that reflect its potential as a gener-498

alizable AI platform for developmental biology. First, in disease modeling, Navigo reveals functionally499

distinct gene modules underlying different CHD subtypes, identifying pathway signatures and chamber-500

specific regulatory effects consistent with known disease biology. Second, in perturbation-effect pre-501

diction, Navigo achieves accurate zero-shot prediction of six knockout phenotypes on an independent502

dataset, uncovering lineage-specific compensation mechanisms in which predicted relative regulatory503

strength within gene families correlates with experimental knockout severity. Third, in rational cell-504

fate engineering, Navigo successfully identifies established reprogramming factors, reveals pro-fibrotic505

barriers to cardiac reprogramming, discovers cross-lineage regulators, and achieves high accuracy in506

predicting hundreds of transcription factor combinations effective for neuronal conversion. Together,507

these results position Navigo as a generalizable AI platform that transforms static developmental at-508

lases into predictive systems for disease modeling, perturbation-effect prediction, and rational cell-fate509

engineering.510

Despite these advances, several limitations suggest important directions for future improvement.511

First, while our use of metacells substantially reduces computational cost compared with modeling indi-512

vidual cells, and flow matching is more efficient than neural ODEs [108, 109], Navigo still requires sub-513

stantial training time. Developing more scalable model architectures and optimization strategies would514

improve efficiency and enable broader adoption of generative modeling approaches in developmental bi-515

ology. Second, our perturbation prediction is based on zero-shot inference and validated on observational516

knockout data without direct supervision from perturbation experiments. Although this demonstrates the517

model’s ability to learn meaningful regulatory relationships, fine-tuning or explicitly training on pertur-518

bation datasets could further improve prediction accuracy, particularly for subtle or context-dependent519

perturbation effects. Third, due to data availability, our analysis focuses on development from E8.5520

onward [13], missing earlier critical stages of embryogenesis, including pre-implantation development521

and gastrulation. Training models on datasets spanning the full developmental timeline would enable522

a more holistic understanding of embryogenesis. Ideally, such datasets should be generated using uni-523

fied experimental platforms to minimize batch effects and ensure comparability across stages. Fourth,524

although Navigo models developmental state transitions in transcriptional space and succeeds in many525

applications, it does not explicitly account for population dynamics such as cell proliferation, division,526

and death, nor does it incorporate lineage information or ancestor–descendant relationships. These pro-527

cesses are fundamental to embryonic development and may shape both the directionality and abundance528

of emerging cell states. Integrating lineage tracing and explicit population dynamics into the modeling529

framework could improve the biological realism of the learned developmental trajectories and strengthen530

mechanistic interpretation.531

Several promising directions emerge for advancing predictive and programmable modeling of devel-532

opmental processes. First, scaling generative models across multiple species including human, mouse,533

and other model organisms could reveal conserved regulatory principles and evolutionary discrepancies534

in developmental programs [110, 111]. Comparative analysis across species would uncover universal535

gene regulatory mechanisms that are essential for development while identifying lineage-specific adap-536

tations that generate phenotypic diversity. Second, establishing active learning frameworks [112] that537

create feedback loops between computational predictions and genetic perturbation experiments could538

iteratively refine perturbation prediction accuracy while systematically validating and discovering novel539

regulatory mechanisms during development. Third, incorporating spatial information into the modeling540

framework from technologies like spatial transcriptomics [113, 114, 115, 116] would capture the criti-541

cal interplay between gene regulation and spatial organization during development, enabling models to542

predict not only cellular identities but also tissue architecture and morphogenesis. Fourth, integrating543

multi-modal and multi-omics measurements [117, 118, 119] such as chromatin accessibility and DNA544

methylation would provide a more complete mechanistic understanding of how regulatory programs545

orchestrate cell fate specification during embryo development.546

Looking forward, these advances point toward an ambitious long-term vision: the construction of547

20

.CC-BY-NC-ND 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted June 24, 2026. ; https://doi.org/10.64898/2026.06.18.733286doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.18.733286
http://creativecommons.org/licenses/by-nc-nd/4.0/


comprehensive virtual embryo models [12, 120] that simulate complete developmental processes in548

silico. Such virtual embryos would enable simulation of entire developmental trajectories from fertil-549

ization to organogenesis, integrating gene regulation [121], cellular dynamics [122], and tissue morpho-550

genesis [123]. Therefore, Navigo has the potential to shift developmental biology from retrospective551

observation to prospective prediction, enabling researchers to computationally simulate and manipulate552

developmental processes and fundamentally reshape therapeutic discovery for developmental disorders.553

Methods554

We adopt the following notation throughout the Methods Section. Let T denote the number of discrete555

time points during embryogenesis, with actual time values t1, t2, . . . , tT . For each time point ti:556

• Xi denotes the complete cell population at time ti, Ni = |Xi| is the number of cells and M is the557

number of genes, with each row representing the gene expression profile of a cell.558

• X
c
i ⊆ Xi denotes the subset of cells belonging to cell type c at time ti.559

• x
(i)
j denotes the j-th cell in population Xi, representing its gene expression profile at time point560

ti.561

• xj(t) denotes the gene expression state of cell j at continuous time t, obtained by integrating the562

velocity field from an initial condition. At discrete observation times, we assume the integrated563

expression matches with the observed data, e.g., xj(ti) = x
(i)
j .564

• For model training and inference, each cell state is represented by its spliced and unspliced mRNA565

counts: s
(i)
j ∈ R

M and u
(i)
j ∈ R

M . The concatenated representation (s
(i)
j ,u

(i)
j ) ∈ R

2M serves as566

input to the velocity field network.567

Given temporal cell populations {Xi}
T
i=1, we aim to construct a model v(x, t) that captures devel-568

opmental dynamics, described by:569

dx

dt
= v(x, t) (1)

where v is parameterized by a neural network and represents the vector field of embryonic develop-570

ment. For each time point ti, we define the predicted distribution X̃i+1 by evolving cells from Xi:571

X̃i+1 =

{
x
(i)
j +

∫ ti+1

ti

v(xj(t), t) dt | x
(i)
j ∈ Xi

}
(2)

We optimize the vector field by minimizing the distributional distance between observed and pre-572

dicted distributions:573

min
v

T−1∑

i=1

Distance
(
Xi+1, X̃i+1

)
(3)

The Navigo Framework574

Model Architecture575

The vector field network v(x, t) takes the cellular state information, specifically the smoothed unspliced576

(u) and smoothed spliced (s) gene counts, through multiple multilayer perceptron (MLP) layers to pre-577

dict the fundamental kinetic parameters of RNA dynamics, α, β, and γ. These parameters define the578

velocity field through the RNA velocity equations [22].579
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Specifically, the transcription rate α = α(s, t) is modeled as a function of spliced mRNA counts,580

capturing the principle that gene transcription is regulated by the expression levels of upstream regula-581

tors. Therefore, each element αi is both cell-specific and gene-specific, reflecting the heterogeneous reg-582

ulatory states across cells. In contrast, the splicing rates β and degradation rates γ are gene-specific con-583

stant vectors, as they are primarily determined by the intrinsic biochemical properties of each gene [32].584

The vector field output comprises two components, vu and vs, computed as:585

vu = α(s, t)− β ⊙ u (4)

vs = β ⊙ u− γ ⊙ s (5)

where ⊙ denotes element-wise multiplication.586

This formulation is biologically grounded and designed to capture the underlying molecular dynam-587

ics of gene expression, where transcriptional regulation drives cellular state changes during development.588

Model Training589

While the objective of minimizing distributional distance between observed and predicted cell popu-590

lations is theoretically sound, it encounters significant computational challenges when applied to em-591

bryogenesis data. A natural approach would be to predict future cell states by numerically integrating592

the ODE dx
dt

= v(x, t) for each cell from time ti to ti+1, compute the distributional distance between593

predicted and observed populations, and backpropagate gradients through the ODE solver using the594

Neural Ordinary Differential Equation (Neural ODE) framework [124]. However, this becomes compu-595

tationally intractable for embryogenesis data characterized by high dimensionality (thousands of genes),596

multiple time points, and large sample sizes (hundreds of thousands of cells), as gradient computation597

requires solving an adjoint ODE backward in time for each training iteration.598

Inspired by the flow matching method [26], we develop a computationally efficient approach for599

learning developmental dynamics from multi-timepoint scRNA-seq data. The core idea is an iterative600

refinement procedure that alternates between constructing cell pseudo-pairs and training the vector field601

to match velocities along linear interpolation paths connecting these pairs.602

We initialize the procedure with random pseudo-pairs [26]. For each cell x
(i)
j ∈ Xi at time point ti,603

we randomly select a paired cell from the subsequent time point:604

π
(0)
i (j) ∼ Uniform{1, . . . , |Xi+1|} (6)

where π
(k)
i : {1, . . . , |Xi|} → {1, . . . , |Xi+1|} denotes the pairing function at iteration k that maps cell605

index j in Xi to its pseudo-paired cell index in Xi+1.606

For each refinement round k = 1, 2, . . . ,K, we train the vector field network using the previous607

pseudo-pairs {π
(k−1)
i }T−1

i=1 by minimizing the prediction error across all consecutive time point pairs.608

For a pseudo-pair (x
(i)
j ,x

(i+1)
j′ ) where j′ = π

(k−1)
i (j), we define the interpolation path xj,j′(ti+τ ) =609

(1−τ)x
(i)
j +τx

(i+1)
j′ for τ ∈ [0, 1] and time ti+τ = (1−τ)ti+τti+1. Given the cell state representation610

x = (s,u), the optimization objective at iteration k is:611

L(k) =
T−1∑

i=1

|Xi|∑

j=1

Eτ∼Uniform[0,1]

[∥∥∆sij − (ti+1 − ti)vs(xj,j′(ti+τ ), ti+τ )
∥∥2
2

+
∥∥∆uij − (ti+1 − ti)vu(xj,j′(ti+τ ), ti+τ )

∥∥2
2

]
(7)

where ∆sij = s
(i+1)
j′ − s

(i)
j and ∆uij = u

(i+1)
j′ −u

(i)
j denote the displacements in spliced and unspliced612

gene counts, respectively.613
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Second, we use the trained vector field v
(k) to refine the pseudo-pairs. We simulate forward from614

each time point Xi to generate predicted states at time point i+1. For each cell x
(i)
j ∈ Xi, we compute:615

x̃
(i+1)
j = x

(i)
j +

∫ ti+1

ti

v
(k)(xj(t), t) dt (8)

where the integral is approximated using Euler’s method with N = 100 discretization steps. We then616

update the pairing by finding the nearest neighbor in Xi+1 for each predicted state:617

π
(k)
i (j) = arg min

j′∈{1,...,|Xi+1|}

∥∥∥x̃(i+1)
j − x

(i+1)
j′

∥∥∥
2

2
(9)

This iterative procedure progressively refines both the vector field and the pseudo-pairs, and converges to618

a self-consistent solution where the learned dynamics accurately predict the cell state transitions across619

time points [26].620

Model Inference621

Temporal Prediction Navigo enables prediction of cell states at specific time points through forward622

integration of the learned velocity field. To predict cell states at a target time ti+m, two prediction623

strategies can be employed:624

Forward simulation. Starting from an earlier observed time point ti, we predict cell states at target625

time ti+m by integrating the learned velocity field:626

x̃
(i+m)
j = x

(i)
j +

∫ ti+m

ti

v(xj(t), t) dt (10)

where xj ∈ Xi and the integral is approximated using Euler’s method with N = 100 discretization627

steps. The predicted population is X
pred
i+m = {x̃

(i+m)
j }

|Xi|
j=1 . This approach requires only a single observed628

time point and can predict states at any future time within the model’s trained temporal range.629

Aligned interpolation. When observations are available at both flanking time points ti and ti+k,630

we can construct predictions by interpolating between aligned cell pairs. We first establish cell-to-cell631

correspondence by simulating trajectories from Xi:632

x̃
(i+k)
j = x

(i)
j +

∫ ti+k

ti

v(xj(t), t) dt (11)

and identifying nearest neighbor alignments:633

πi(j) = arg min
j′∈{1,...,|Xi+k|}

∥∥∥x̃(i+k)
j − x

(i+k)
j′

∥∥∥
2

2
(12)

where x
(i+k)
j′ ∈ Xi+k. The prediction is then obtained by linearly interpolating between aligned pairs:634

X
aligned
i+m =

{
αx

(i)
j + (1− α)x

(i+k)
πi(j)

}|Xi|

j=1
(13)

where the interpolation weight α = k−m
k

determines the relative contribution from each time point.635
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Perturbation Simulation Navigo can simulate the effects of genetic perturbations by modifying spe-636

cific gene expressions and forward integrating the learned velocity field while maintaining the perturba-637

tion. Given a cell state x
(i)
j at time point ti, we create a perturbed state x

(i),pert
j by modifying specific638

gene expressions while keeping other genes unchanged.639

For gene g ∈ G where G denotes the set of genes to be perturbed, we modify the gene expression640

using:641

[x
(i),pert
j ]g =

{
m · [x̄(i),c]g if g ∈ G

[x
(i)
j ]g otherwise

(14)

where [x̄(i),c]g is the mean non-zero expression of gene g across all cells of type c at time point ti, and642

m is a perturbation strength parameter. For gene knockout, m ≤ 0, and for gene overexpression, m > 1.643

Multiple genes can be perturbed simultaneously by including them in G and applying corresponding644

perturbation strengths.645

We then simulate both the perturbed trajectory and the wild-type trajectory by integrating the learned646

velocity field from time point ti forward. For any time t ≥ ti:647

[x
pert
j (t)]g =

{
[x

(i),pert
j ]g if g ∈ G

[x
(i),pert
j ]g +

∫ t

ti
[v(x

pert
j (τ), τ)]g dτ otherwise

(15)

x
WT
j (t) = x

(i)
j +

∫ t

ti

v(xWT
j (τ), τ) dτ (16)

where genes in G remain fixed at their initial perturbed values throughout the integration, while648

non-perturbed genes evolve according to the learned dynamics. This approach simulates experimental649

scenarios such as CRISPR knockout or stable transgenic overexpression, where the intervention persists650

throughout the developmental timecourse.651

Jacobian Matrix Modeling To infer gene regulatory interactions from the learned vector field model,652

we compute the Jacobian matrix J, where each element Jij represents the partial derivative of the tran-653

scription rate of effector gene gi with respect to the expression level of regulator gene gj :654

Jij =
∂αi

∂sj
(17)

where αi denotes the transcription rate and sj denotes the spliced (mature) RNA counts. This Ja-655

cobian matrix quantifies the instantaneous regulatory influence of regulator expression on effector gene656

transcription rates as learned by the developmental vector field.657

Datasets658

Data Collection We used the comprehensive mouse prenatal development atlas [13], containing single-659

cell transcriptional profiles of 12.4 million nuclei from 83 precisely staged embryos spanning late gas-660

trulation (E8.5) to birth (P0). This dataset offers temporal resolution at 6 hour intervals and includes661

annotations of over 190 cell types across major developmental lineages.662

Data Preprocessing We performed total count normalization and log transformation to pre-process663

the dataset. For downstream analysis, we retained all mouse TF genes and selected highly variable664

genes, retaining 3,902 genes in total. We then used scVelo [22] to compute normalized spliced (Ms) and665

unspliced (Mu) gene counts for RNA velocity estimation, where Ms and Mu represent locally smoothed666

expression levels of mature and precursor mRNA, respectively.667
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The transcriptomic atlas spanning the entire embryogenesis process contains tens of millions of cells.668

While this comprehensive dataset provides rich characterization of developmental dynamics, directly669

training deep learning models on such large-scale data is computationally prohibitive. To address this670

challenge, we adopt a metacell strategy that aggregates similar cells to reduce data size while preserving671

biological heterogeneity. Metacells have been widely applied in single-cell analysis tasks including672

trajectory inference and differential expression analysis [125, 126, 127].673

We construct metacells separately for each combination of embryo, cell type, and time point. For674

any given embryo at a specific time point, if the number of cells belonging to a particular cell type675

(nc = |Xc
i |) is smaller than a threshold N (set to N = 100), these cells are retained without aggregation676

to preserve information from rare cell populations. Otherwise, we perform K-means clustering with677

K = N + ⌈nc−N
m

⌉, where the hyperparameter m is set to 50. This adaptive clustering strategy ensures678

that rare cell types are preserved while abundant populations are appropriately downsampled. Using679

this approach, the dataset size is reduced by approximately 20-fold, achieving substantially improved680

computational efficiency while maintaining representation of rare cell populations.681

Baselines682

Dynamo683

Dynamo [23] reconstructs continuous velocity vector fields by modeling RNA transcription, splicing,684

and degradation kinetics. The method estimates RNA velocities from spliced and unspliced counts685

and performs vector field reconstruction in reduced-dimensional space. The reconstructed vector field686

enables differential geometry analysis including Jacobian, acceleration, and curvature calculations for687

inferring gene regulatory relationships and cellular dynamics.688

Moscot689

Moscot [24] is a scalable optimal transport framework that maps cells through time and space using690

multi-omics single-cell data. For temporal analysis (moscot.time), the method estimates cellular trajec-691

tories by solving Wasserstein-type optimal transport problems between consecutive time points. The692

framework supports multimodal data through shared latent representations and achieves linear time and693

memory complexity through low-rank approximations of the coupling matrix, enabling application to694

atlas-scale datasets.695

TIGON696

TIGON [25] simultaneously infers cell velocity and population growth by solving a dynamic unbalanced697

optimal transport problem based on Wasserstein-Fisher-Rao distance. The method models cellular dy-698

namics through a continuity equation with a growth term, where the velocity field describes instanta-699

neous changes in gene expression and the growth term captures population changes due to cell division700

and death. TIGON uses neural networks to parameterize both velocity and growth fields, and learns701

trajectories by minimizing the combined Wasserstein and Fisher-Rao metrics through neural ordinary702

differential equations. This formulation provides an unbiased approach to learning cell transitions.703

CellOracle704

CellOracle [128] integrates GRN modeling with in silico perturbation to predict changes in cell identity705

following TF perturbations. The method constructs cell-type-specific GRN configurations using regular-706

ized linear regression models on multi-omics data, combining scRNA-seq with scATAC-seq to identify707

accessible promoter and enhancer regions. CellOracle simulates TF perturbations by propagating ex-708

pression shifts through the inferred GRN via iterative signal propagation, then converts the simulated709

gene expression changes into transition probability vectors in low-dimensional embedding space.710
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Naive Baselines711

Random The baseline performs random cell pairing between adjacent time points and applies linear712

interpolation. For predicting Xi+m, we randomly pair cells from Xi with cells from Xi+k. Denoting713

the random pairing function as πrand, the prediction is constructed as:714

X̃
random
i+m =

{
αx

(i)
j + (1− α)x

(i+k)
πrand(j)

}|Xi|

j=1
(18)

where α = k−m
k

and x
(i+k)
πrand(j)

denotes the randomly paired cell from Xi+k. This baseline tests whether715

simple temporal interpolation without learning the regulatory dynamics achieves reasonable predictions.716

Previous The baseline uses the cell population from the previous time point as the prediction for the717

target time point. Specifically, for predicting Xi, we directly use Xi−1 without any transformation,718

assuming cellular states remain unchanged over the interval.719

Next The baseline uses the cell population from the subsequent time point as the prediction. For720

predicting Xi, we directly use Xi+1, assuming the cells have already transitioned to their future states.721

Evaluation of Trajectory Mapping722

Experimental Setup723

We evaluate the trajectory mapping capabilities of Navigo through two complementary tasks that assess724

whether the learned vector field accurately captures developmental dynamics.725

For temporal interpolation, we assess the ability of the model to predict gene expression distribu-726

tions at unobserved intermediate time points. The complete dataset contains observations at intervals727

of ∆ttrue = 0.25 days. We construct three experimental settings with sampling intervals of 0.5, 1.0,728

and 2.0 days, training the model on subsampled time points and evaluating predictions on all held-out729

intermediate time points. We evaluate both forward simulation and aligned interpolation performance.730

For data denoising, we evaluate the ability of the model to recover true cellular state distributions731

when certain cell populations are underrepresented due to technical capture difficulties or sampling732

biases. We randomly select X cell type-time point pairs and retain only Y% of cells from each selected733

pair, maintaining original cell counts for all other pairs. We train the model on this biased dataset and734

evaluate whether forward simulation from adjacent time points can reconstruct the complete population735

distributions at the undersampled time points.736

Metrics and Analysis737

Distribution Agreement Metrics We employ three complementary metrics to quantify distributional738

alignment between predicted and true cell populations at held-out time points. Lower values indicate739

better alignment.740

Wasserstein Distance. The Wasserstein distance measures the minimum cost of transforming one741

distribution into another. For each gene g, we compute the 1-Wasserstein distance as742

W
(g)
1 = inf

γ∈Γ(P true
g ,P

pred
g )

E(x,x′)∼γ [|x− x′|] (19)

where P true
g and P

pred
g denote the empirical distributions of gene g in the true and predicted populations,743

and Γ(P true
g , P

pred
g ) is the set of all joint distributions with marginals P true

g and P
pred
g . We report the744

average across all genes as W 1 =
1
M

∑M
g=1W

(g)
1 .745
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Maximum Mean Discrepancy (MMD). MMD measures the distance between distributions in a re-746

producing kernel Hilbert space. Using the RBF kernel k(x,x′) = exp(−∥x−x
′∥22/(2σ

2)), the squared747

MMD is computed as748

MMD2(P true, P pred) = Ex,x′∼P true [k(x,x′)] + Ez,z′∼P pred [k(z, z′)]− 2Ex∼P true,z∼P pred [k(x, z)] (20)

where P true and P pred represent the true and predicted population distributions. We use the default749

bandwidth parameter σ from scikit-learn.750

Energy Distance. The energy distance is a metric between probability distributions based on ex-751

pected distance between random samples. For each gene g, we compute752

E(P true
g , P pred

g ) = 2E
x∼P true

g ,z∼P
pred
g

[|x− z|]− Ex,x′∼P true
g

[|x− x′|]− E
z,z′∼P

pred
g

[|z − z′|] (21)

where x,x′ are independent samples from the true distribution and z, z′ from the predicted distribution.753

To ensure computational efficiency, we randomly subsample 1000 cells from each population when754

computing the energy distance for each gene. We report the average energy distance across all genes as755

E = 1
M

∑M
g=1 E(P

true
g , P

pred
g ).756

Cell Type Composition Metrics We employ two metrics that compare the distribution of cell types757

between true and predicted populations.758

We first train a k-nearest neighbors (KNN) classifier on all training time points to predict cell type759

labels. Let Dtrain = {(xj , cj)} denote the set of cells from all training time points with their correspond-760

ing cell type labels cj ∈ C, where C is the set of all cell types. We train a KNN classifier fKNN with761

nneighbors = 20 for cell type prediction on Dtrain. We then apply this classifier to both the true population762

and the predicted population to obtain cell type predictions for each cell.763

Let N true(c) denote the number of cells in the true population predicted as cell type c, and Npred(c)764

the corresponding count in the predicted population. We compute the cell type composition as probabil-765

ity distributions766

ptrue(c) =
N true(c)∑
c′ N

true(c′)
, ppred(c) =

Npred(c)∑
c′ N

pred(c′)
(22)

We measure the divergence between these distributions using two metrics.767

Jensen-Shannon Divergence. The Jensen-Shannon divergence is a symmetric and bounded measure768

of similarity between probability distributions, defined as769

JSD(ptrue, ppred) =
1

2
DKL(p

true∥m) +
1

2
DKL(p

pred∥m) (23)

where m = 1
2(p

true+ppred) is the average distribution and DKL denotes the Kullback-Leibler divergence.770

The JSD ranges from 0 (identical distributions) to 1 (maximally different distributions).771

L1 Distance. The L1 distance, also known as total variation distance, measures the difference be-772

tween the two distributions as773

L1(ptrue, ppred) =
∑

c∈C

|ptrue(c)− ppred(c)| (24)

This metric ranges from 0 (identical distributions) to 2 (completely disjoint distributions), with lower774

values indicating better preservation of cell type composition.775

Analysis for Cell Type Proportion in Simulated Denoising Setting For the denoising evaluation, we776

apply the KNN-based cell type prediction approach to the predicted denoised population X
pred
i . Using777

the trained classifier fKNN, we predict cell type labels for cells in X
pred
i and compute the predicted cell778

type composition distribution ppred(c). For the observed biased population X
obs
i and the true complete779

population X
true
i , we directly use their known cell type annotations to compute the empirical distributions780

pobs(c) and ptrue(c).781
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Analysis for Marker Gene Prediction in Simulated Denoising Setting To evaluate whether de-782

noised predictions recover biologically meaningful gene expression signatures, we assess the ability of783

the model to identify DEGs that serve as cell type markers in underrepresented populations. For each784

cell type c at time point ti in the complete dataset, we identify ground truth marker genes by comparing785

cells of type c at ti against the same type at all other time points using the Wilcoxon rank-sum test786

(Benjamini-Hochberg adjusted p < 0.05, |logFC| > 0.5), yielding upregulated markers Mtrue
up (c, ti) and787

downregulated markers Mtrue
down(c, ti). For the denoised prediction X

pred
i , we use the trained KNN clas-788

sifier to identify cells predicted as cell type c, denoted as X
pred
i (c), and perform differential expression789

analysis comparing X
pred
i (c) against cells of the same type from all other time points in the training data790

X¬i(c) using the same thresholds, yielding predicted marker sets Mpred
up (c, ti) and Mpred

down(c, ti).791

For each direction, we compute precision, recall, and F1 score: Precision = |Mpred∩Mtrue|/|Mpred|,792

Recall = |Mpred ∩Mtrue|/|Mtrue|, and F1 = 2 · Precision · Recall/(Precision + Recall). We report the793

average of upregulated and downregulated metrics for each cell type-time point pair.794

Analysis for Marker Gene Signatures in Real Setting To evaluate whether our predictions cap-795

ture biologically meaningful developmental programs, we perform pathway enrichment analysis using796

Gene Ontology Biological Process (GOBP) terms from the Molecular Signatures Database (MSigDB797

v2025.1) [129].798

For each predicted or ground truth cell population at a given time point, we identify DEGs by com-799

paring the target population against all other time points of the same cell type using the Wilcoxon800

rank-sum test (Benjamini-Hochberg adjusted p < 0.01, logFC > 1). Upregulated genes are then tested801

for pathway enrichment using Fisher’s exact test with a one-sided alternative hypothesis.802

Evaluation of the Gene Regulatory Network803

Experimental Setup804

For evaluation of lineage-specific gene regulatory networks, we validate the inferred regulatory rela-805

tionships against experimentally validated TF-target gene interactions from ChIP-seq experiments. The806

Jacobian matrix captures direct, first-order regulatory effects that are conceptually aligned with physical807

TF binding measured by ChIP-seq. To obtain stable lineage-specific estimates, we compute the Jacobian808

matrix at all cell states throughout the developmental trajectory of each cell type and average across all809

corresponding cells and time points. For each regulator, we rank all genes by the absolute magnitude of810

the averaged Jacobian to identify predicted regulatory targets.811

We obtained experimentally validated, cell type-specific regulatory relationships from the ChIP-812

Atlas database [44], a comprehensive repository of processed ChIP-seq experiments, across multiple813

lineages including macrophages, pre-B cells, B cells, natural killer cells, cerebellum, CD4+ T cells,814

mast cells, heart tissue, hepatocytes, and dendritic cells. To ensure high-confidence interactions, we815

retained only TF-target pairs with ChIP-Atlas scores exceeding 50.816

For evaluation of disease-specific regulatory mechanisms, we analyze the regulatory impact of CHD-817

associated genes through gene perturbation simulations. We obtained CHD-associated genes from the818

CHDgene database [28], a manually curated resource that catalogs genes reproducibly shown to cause819

CHD when mutated in humans. CHDgene employs stringent inclusion criteria, requiring that variants in820

each gene have been reported as the monogenic cause of CHD in at least three independent familial or821

sporadic cases. We focus on first heart field (FHF) and second heart field (SHF) progenitor populations,822

as these cardiac lineages are critical for understanding chamber-specific developmental defects.823

For each CHD gene g, we simulate knockouts at each developmental time point ti where the target824

cell type (FHF or SHF) is present. We set the perturbation hyperparameter m = 0 and predict both825

perturbed and wild-type cell populations at time point ti+1 using the perturbation simulation framework.826
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We define the response vector r by averaging the transcriptomic differences between perturbed and wild-827

type predictions across all cells and all time points where the target cell type exists, then normalizing to828

unit L2 norm:829

r =
1

∥r̄∥2
r̄, where r̄ =

1

|T |

∑

i∈T

1

|Xi|

|Xi|∑

j=1

(
x̃
(i+1),pert
j − x̃

(i+1),WT
j

)
(25)

where T denotes the set of time point indices where the cell type of interest (FHF or SHF) is present,830

and ∥ · ∥2 denotes the L2 norm. Each component rj represents the normalized average change in expres-831

sion of gene gj caused by knockout of gene g. We then analyze the similarity between response vectors832

to identify functional modules of CHD genes with shared regulatory impacts.833

To ensure lineage-specific regulatory mechanisms are properly captured, we train separate models834

for each major developmental trajectory. For CHD-associated gene analysis, we restrict the training835

set to cardiac-relevant cell populations including FHF, SHF, atrial cardiomyocytes, and ventricular car-836

diomyocytes.837

Metrics and Analysis838

Analysis of Lineage-specific GRN For each TF, we rank all genes by the absolute value of the av-839

eraged Jacobian entries corresponding to its regulatory effects. We compute AUROC scores using this840

ranking, treating experimentally validated ChIP-seq targets from ChIP-Atlas as positive labels and all841

other genes as negative labels. Values closer to 1 indicate better discrimination of true targets from842

non-targets. We report the mean AUROC across all evaluated TFs for each lineage.843

Clustering of the Response Vectors To identify groups of CHD-associated genes with similar reg-844

ulatory impacts, we perform clustering analysis on the response vectors r
(g) obtained from knockout845

simulations. We apply PCA to reduce dimensionality to 50 principal components, then apply k-means846

clustering to group CHD genes with similar downstream regulatory effects. We determine the optimal847

number of clusters using the elbow method, computing within-cluster sum of squares (inertia) for k848

values from 2 to 10 and selecting the k where the rate of decrease in inertia begins to diminish.849

Quantifying the Mutual Regulatory Impact between CHD Genes To investigate regulatory interac-850

tions among CHD-associated genes, we quantified the mutual regulatory impact between gene pairs. For851

each CHD gene pair (ga, gb), we compute their mutual regulatory strength by summing the bidirectional852

effects from their knockout response vectors r(ga) and r
(gb):853

S(ga, gb) =
∣∣∣[r(ga)]gb

∣∣∣+
∣∣∣[r(gb)]ga

∣∣∣ (26)

where [r(ga)]gb denotes the expression change of gene gb in the response vector from knocking out854

gene ga. Higher values indicate stronger mutual regulatory coupling between gene pairs.855

To identify the most functionally interconnected CHD genes, we rank all gene pairs by their mutual856

regulatory strength and retain the top 50 pairs, yielding a high-confidence regulatory network. For each857

gene g, we compute its total regulatory connectivity as:858

C(g) =
∑

g′ ̸=g

S(g, g′) (27)

Genes with high total connectivity represent hub genes that broadly influence or are influenced by859

other CHD-associated genes.860
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Pathway Enrichment Analysis of the Response Vectors To characterize the biological processes861

affected by each cluster of CHD genes, we perform pathway enrichment analysis on the genes most862

strongly affected by the knockouts. For each cluster c, we compute the mean response vector by averag-863

ing the response vectors of all assigned CHD genes:864

r̄
(c) =

1

|Cc|

∑

g∈Cc

r
(g) (28)

where Cc denotes the set of CHD genes in cluster c. We identify the top 200 most affected genes865

by selecting those with the lowest values in r̄
(c), representing genes whose expression is most strongly866

suppressed by knockouts in this cluster. For each GOBP pathway from MSigDB, we test for enrichment867

in the top 200 genes using Fisher’s exact test (one-sided, greater alternative). Pathways with p < 0.05868

are ranked by their p-values, and we report the top 20 for each cluster.869

To investigate whether different CHD phenotypes are associated with disruption of distinct develop-870

mental programs, we partition CHD genes by their phenotype classification in the CHDgene database.871

For each phenotype, we compare pathway disruption patterns between phenotype-associated genes and872

non-associated genes. Specifically, for each gene, we identify the top 200 most affected genes from873

its knockout response vector and perform pathway enrichment analysis using Fisher’s exact test. For874

each GOBP pathway, we compute the fraction of genes whose knockouts significantly enrich that path-875

way (p < 0.05) separately for the phenotype-associated and non-associated groups. We calculate the876

enrichment ratio difference as the associated fraction minus the non-associated fraction. Pathways are877

ranked by this difference, where positive values indicate pathways preferentially disrupted by phenotype-878

associated genes. We report the top 20 pathways for each CHD phenotype.879

Distinguishing ASD and VSD effects To investigate whether Navigo captures chamber-specific gene880

expression programs, we analyze the impact of CHD gene knockouts on atrial versus ventricular marker881

genes. Using differential expression analysis between atrial and ventricular cardiomyocytes from the882

training data, we identify the top 50 atrial-enriched and top 50 ventricular-enriched marker genes. We883

partition CHD genes into four phenotype categories: ASD only, VSD only, both ASD and VSD, and884

other phenotypes. For each CHD gene knockout, we compute the mean absolute expression change885

for atrial and ventricular markers separately, then calculate the ventricular-to-atrial marker ratio. This886

ratio quantifies the relative impact on ventricular versus atrial gene expression programs. We compare887

these ratios across phenotype categories to determine whether ASD-associated genes preferentially af-888

fect atrial markers while VSD-associated genes preferentially affect ventricular markers.889

Evaluation of Genetic Perturbation Prediction890

Experimental Setup891

We evaluate Navigo’s ability to predict genetic knockout outcomes in a zero-shot manner using an892

independent large-scale scRNA-seq dataset profiling genetic perturbations during mouse embryogene-893

sis [29]. This dataset was generated in a separate study from the training atlas, providing an independent894

test of model generalization. Mutants were generated through conventional gene-editing tools and breed-895

ing or tetraploid aggregation and collected at embryonic stage E13.5. Both wild-type and mutant em-896

bryos were profiled using sci-RNA-seq3. The dataset encompasses six genetic knockout perturbations:897

Atp6v0a2, Gorab, Gli2, Ttc21b, Carm1, and Scn10a/11a double knockout, with matched wild-type con-898

trols. To ensure compatibility with the training atlas, we retained only genes present in both datasets899

and applied consistent preprocessing. Cell type annotations were harmonized through manual mapping900

(details in Supplementary Table 1).901

For each target gene g and cell type c, we compute the predicted gene expression change using902

the perturbation simulation approach described previously. We set the perturbation hyperparameter903
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m = −5. The predicted change for each gene g′ in cell type c is computed by averaging the difference904

between perturbed and wild-type trajectories across all cells within that type:905

∆g′c =
1

|Xc
i |

∑

j:x
(i)
j ∈Xc

i

(
[x̃

(i+1),pert
j ]g′ − [x̃

(i+1),WT
j ]g′

)
(29)

where |Xc
i | denotes the number of cells of type c at time point ti.906

We train separate models for each major developmental trajectory, as different trajectories are gov-907

erned by distinct gene regulatory networks with fundamentally different regulatory logic. This approach908

also mitigates the severe cell type imbalance issues across trajectories. For knockout predictions in a909

given cell type, we apply the vector field model corresponding to its major trajectory.910

Metrics and Analysis911

Evaluation of Prediction Accuracy We rank genes by their predicted upregulation (∆g′c > 0) and912

downregulation (∆g′c < 0). We compare the top 50 predictions in each direction against ground-913

truth DEGs identified from experimental knockout data using Wilcoxon rank-sum test with Benjamini-914

Hochberg correction (FDR < 0.05). Model performance is evaluated by the percentage of ground-truth915

DEGs recovered within the top 50 predictions.916

Pathway Enrichment Analysis of the Predicted and Ground Truth Gene Expression Change To917

evaluate whether predicted gene expression changes capture biologically meaningful perturbation re-918

sponses, we performed pathway enrichment analysis comparing predicted and experimentally observed919

DEGs. For each knockout and cell type, we selected the top 100 upregulated genes from both predicted920

changes (∆g′c > 0, ranked by magnitude) and ground truth DEGs (FDR < 0.05). We tested enrichment921

against pathways relevant to the perturbed gene function from MSigDB v2025.1 (Mm) using the hyper-922

geometric test. We compared enrichment profiles between predicted and ground truth gene sets for each923

knockout and cell type.924

Enrichment Analysis of the Downstream DEGs in Genetic Compensation For each cell type, we925

simulated two perturbation scenarios: Gli2 single knockout and Gli1/Gli3 double knockout. To examine926

whether regulatory directionality among gene family members affects downstream gene sensitivity, we927

compared predicted expression changes between these scenarios. Genes were classified into two cate-928

gories: (1) “Same Directions” genes, where predicted expression changes from both perturbations have929

the same sign (concordant responses); (2) “Different Directions” genes, where the perturbations induce930

opposite directional changes (discordant responses). For each category, we tested enrichment of experi-931

mentally validated Gli2 knockout DEGs (FDR < 0.05) using the hypergeometric test. This analysis was932

performed independently for six cell types to assess lineage-specific patterns.933

Evaluation of Fate Reprogramming Prediction934

Experimental Setup935

We evaluate the ability of Navigo to identify TFs that can induce cell fate reprogramming from fibrob-936

lasts to various target cell types. Given fibroblasts as the source cell type cs and a target cell type ct937

(such as neurons, cardiomyocytes, or hepatocytes), we aim to predict which TF combinations can drive938

fibroblasts to adopt the transcriptomic state of ct. For each candidate TF set F ⊆ {f1, f2, ..., fn}, we939

compute the predicted gene expression change induced by TF overexpression using the perturbation940

simulation approach with hyperparameter m = 3:941
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∆gpert
cs (F) =

1

|Xcs
i |

∑

j:x
(i)
j ∈Xcs

i

(
[x̃

(i+1),pert
j ]g − [x̃

(i+1),WT
j ]g

)
(30)

To evaluate whether TF set F can drive fibroblasts toward target cell type ct, we compute the ex-942

pected gene expression change as the difference between mean expression levels:943

∆gexpected(cs → ct) = [x̄ct ]g − [x̄cs ]g (31)

where [x̄ct ]g and [x̄cs ]g denote the mean expression of gene g in the target cell type and fibroblasts,944

respectively. Let Gtop(cs → ct) denote the set of top DEGs between fibroblasts and the target cell type,945

and let M = |Gtop(cs → ct)|. We then compute the directional alignment accuracy as the fraction of946

top DEGs whose predicted expression change matches the expected direction:947

Accuracy(F , ct) =
1

M

∑

g∈Gtop(cs→ct)

1
(
sign(∆gpert

cs (F)) = sign(∆gexpected(cs → ct))
)

(32)

where 1(·) is the indicator function. Higher alignment accuracy indicates stronger reprogramming948

potential. We rank candidate TF sets by their alignment accuracy to identify the most promising TF949

combinations for each target cell type.950

We validated predictions using two independent sources of experimental evidence. The first com-951

prised curated data from published literature [97, 98, 130, 131, 132, 133] documenting established re-952

programming factors across multiple target cell types (Supplementary Figure 19a). The second was953

derived from a comprehensive experimental screen [31] that systematically evaluated hundreds of pair-954

wise TF combinations from the bHLH and POU families for their ability to reprogram mouse fibroblasts955

into functional neurons (Supplementary Figure 19b). This screen identified 76 TF pairs that success-956

fully induced neuronal differentiation, with quantitative characterization of reprogramming efficiency957

through morphological, electrophysiological, and transcriptomic analyses. This validation approach en-958

abled both broad evaluation across diverse lineages and fine-grained assessment of combinatorial TF959

interactions.960

We train the developmental vector field model using data from fibroblasts and the target cell type961

of interest. This focused training strategy enables the model to learn the specific regulatory dynamics962

governing transitions between these two cell states.963

Metrics and Analysis964

AUROC and AUPRC Metrics for TF ranking across lineages For each target cell type ct, we965

defined the positive set P(ct) as all validated TF combinations for ct and the negative set N (ct) =966 ⋃
c′ ̸=ct

P(c′) as all TF combinations validated for other cell types. For each candidate TF set F ∈967

P(ct) ∪ N (ct), we computed Accuracy(F , ct). We then ranked all candidate sets by their accuracy968

scores and evaluated prediction performance using AUROC and AUPRC, treating sets in P(ct) as posi-969

tive labels and sets in N (ct) as negative labels. To ensure robustness, we trained three model checkpoints970

and generated five bootstrap samples (80% cell subsampling) per target cell type, reporting mean metrics971

across evaluations.972

Metrics for Combinatorial Ranking across two TF families For bHLH-POU combinatorial screen-973

ing, we leveraged experimental data profiling neuronal reprogramming efficiency for TF pairs (fi, fj)974

where fi ∈ FbHLH and fj ∈ FPOU. Let E(fi, fj) denote experimental efficiency and S(fi, fj) =975

Accuracy({fi, fj}) denote predicted accuracy. We classified pairs as positive labels if E(fi, fj) > 0976
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(successful reprogramming) and as negative labels if E(fi, fj) = 0 (failed reprogramming), then eval-977

uated AUROC using S as the ranking score. To reduce noise, we applied two filters: (1) program-978

ming effect threshold PE thr, setting E(fi, fj) → 0 if E(fi, fj) < PE thr; (2) expression threshold979

Expr thr, excluding TFs f with mean expression < Expr thr. We systematically evaluated PE thr ∈980

{0, 0.2, 0.4, 0.6, 0.8, 1.0} and Expr thr ∈ {0, 0.005, 0.01, 0.02}. For anchor-based screening, we fixed981

one TF f∗ ∈ Ffamily1 and ranked all partners f ∈ Ffamily2 by S(f∗, f), computing AUROC for each982

anchor. We examined the correlation between TF mean expression and anchor-based AUROC to assess983

whether prediction accuracy depends on expression levels.984
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