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Fig. S1. 

Example Pancreatic Endocrinogenesis Trajectories. a-c) Endocrine progenitor developing 

into pre-endocrine cells, then differentiating into beta cells. d) Alternative trajectory of 

progenitor cells developing into alpha cells. 



Fig. S2. 

Differential Expression of Pancreatic Endocrinogenesis using VAE Latent Embeddings. a) 

Cells clustered in VAE embeddings using Leiden (with 𝐾 = 30 nearest neighbors). The VAE 

embeddings are further projected into 2D for visualization with UMAP. b-c) Differentially 

expressed genes of cells clustered in VAE embeddings. d) Original cell labels in UMAP 

projected VAE embeddings. e-f) Differentially expressed genes of original cell labels. 



Fig. S3. 

Batch Correction for Developing Mouse Neocortex. After filtering for the top 5,000 highly 

variable genes and normalizing within each time group, the “sc.pp.combat” function from scanpy 

was used to correct for batch effects. Further, the velocities were computed within each time 

group.  



Fig. S4. 

Example Pancreatic Endocrinogenesis Beta Cell Retrograde Trajectory. By integrating a 

matured beta cell reverse in time, we can generate retrograde trajectories to improve the 

correlation between gene modules. Here, the initial beta cell condition is in red, and the cell 

states tracing back in time are colored in viridis. Overall, the projection qualitatively shows that 

the retrograde trajectory lies within the span of the existing beta cell manifold.  



Fig. S5. 

RNA Velocity Vector Field Visualization of the Human Forebrain and Mouse Gastrulation 

Datasets. The RNA velocity vector field of human forebrain (left) and mouse gastrulation (right) 

visualized in UMAP embedding colored by their cell types. These datasets were used for 

benchmarking the accuracy of velocity vector field representation learning in Figure 5c. 



Fig. S6. 

Runtime and Peak Memory Usage Comparisons Between Various Velocity Prediction 

Methods. Linear and VAE used similar amounts of peak memory since the model can be stored 

on the GPU, whereas SparseVFC used significantly more memory because it is a CPU-based 

model. In contrast, SparseVFC has the least runtime as a sparse approximation method, but VAE 

has the longest runtime due to the data exchanges between the CPU and the GPU.  



Fig. S7. 

Variational Autoencoder Training. The training and validation loss (reconstruction, KL-

divergence, and reconstruction with KL-divergence) of the variational autoencoder during 

training (left – pancreatic endocrinogenesis, right – dentate gyrus). 



Fig. S8. 

Comparing Velocity-based Latent Time, StemID Entropy, and Cell Criticality Index. In 

pancreatic endocrinogenesis, Velocity-based Latent Time provides a pseudotime temporal 

ordering of cells. StemID Entropy is designed to order the cells by pluripotency potential, but it 

fails here because the cells have similar amounts of uniformity in gene expression. Lastly, Cell 

Criticality Index highlights fixed points in the developmental landscape.  



Gene 

Symbol 

Gene Name Function Reference 

Smarca1 SWI/SNF Related, Matrix 

Associated, Actin 

Dependent Regulator of 

Chromatin, Subfamily A, 

Member 1 

Trans-differentiation from 

Beta to Alpha Cells 

Kleiber, T., et al. 

(65). 

Arx Aristaless-related 

homeobox gene 

Maintaining Alpha Cell 

Identity 

Wilcox, Crystal L., 

et al. (66) 

Pam Peptidylglycine α-amidating 

Monooxygenase 

Glucose Regulation Thomsen, S.K., et 

al. (67). 

Bdnf Brain-derived neurotrophic 

factor 

Modulating Glucagon 

Secretion 

Hanyu, O, et al. 

(68) 

Irx2 Iroquois Homeobox 2 Transcription Factors Shown 

to Contribute to Alpha Cell 

Fate Specification 

Dorrell, C., et al. 

(69) 

Table S1. 

Alpha Cell Specific Driver Genes. Table of gene symbol, name, and the function of the alpha-

cell-specific driver genes, with the corresponding reference.  



Gene 

Symbol 

Gene Name Function Reference 

Actr3b Actin-related 

protein 3B 

ATP-binding Component and 

Mediates the Formation of 

Branched Actin Networks 

Datta, Dibyadeep, et al. (70) 

Runx1t1 Runt-related 

transcription 

factor 1 

translocated to 1 

Promote Neuronal 

Differentiation 

Zou, Linqing, et al. (39) 

Slc7a5 Solute Carrier 

Family 7 

Member 5 

Neurogenesis and Modulate 

Neuronal Electrophysiological 

Properties 

Sokolov, Aidan M., Jennie 

C. Holmberg, and David M.

Feliciano. (71) 

Neurod6 Neuronal 

Differentiation 6 

Neuronal Differentiation Uittenbogaard, Martine, 

Kristin K. Baxter, and Anne 

Chiaramello. (72) 

Hmgcs1 HMG–CoA 

Synthase 1 

Cholesterol Homeostasis in 

Pyramidal Neurons 

Valdez, Chris M., et al. (73) 

Table S2. 

Pyramidal Cell Specific Driver Genes. Table of gene symbol, name, and the function of the 

pyramidal-cell-specific driver genes, with the corresponding reference. 
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