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Abstract

Single-cell RNA sequencing (scRNA-seq), especially tem-
porally resolved datasets, enables genome-wide profiling of
gene expression dynamics at single-cell resolution across dis-
crete time points. However, current technologies provide only
sparse, static snapshots of cell states and are inherently in-
fluenced by technical noise, complicating the inference and
representation of continuous transcriptional dynamics. Al-
though embedding methods can reduce dimensionality and
mitigate technical noise, the majority of existing approaches
typically treat trajectory inference separately from embed-
ding construction, often neglecting temporal structure. To ad-
dress this challenge, here we introduce CellStream, a novel
deep learning framework that jointly learns embedding and
cellular dynamics from single-cell snapshots data by integrat-
ing an autoencoder with unbalanced dynamical optimal trans-
port. Compared to existing methods, CellStream generates
dynamics-informed embeddings that robustly capture tem-
poral developmental processes while maintaining high con-
sistency with the underlying data manifold. We demonstrate
CellStream’s effectiveness on both simulated datasets and
real scRNA-seq data, including spatial transcriptomics. Our
experiments indicate significant quantitative improvements
over state-of-the-art methods in representing cellular trajec-
tories with enhanced temporal coherence and reduced noise
sensitivity. Overall, CellStream provides a new tool for learn-
ing and representing continuous streams from the noisy, static
snapshots of single-cell gene expression.

Code — https://github.com/PQ-Zhang/CellStream

Introduction
Time-resolved single-cell RNA sequencing (scRNA-seq)
captures gene expression at the genome scale in individual
cells across discrete time points, enabling analysis of dy-
namic biological processes. However, because sequencing
destroys cells, it yields sparse, noisy snapshots that obscure
continuous dynamical trajectories (Schiebinger et al. 2019;
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Klein et al. 2025; Zhang et al. 2025a). Dimensionality re-
duction through low-dimensional embeddings can partially
alleviate sparsity and noise issues, and provide insights of
the temporal inference through pseudotime analysis (Zhang
et al. 2025a). However, existing embedding methods pre-
dominantly focus on preserving topological or geometric re-
lationships (Lin, Troup, and Ho 2017; Mongia, Sengupta,
and Majumdar 2019; Hou et al. 2020). They often neglect
the temporal structure embedded in time-series snapshots
data, potentially resulting in misinterpretation of cellular tra-
jectories (Zheng et al. 2023; Chari and Pachter 2023). Thus,
developing embeddings that explicitly incorporate tempo-
ral structure to faithfully reconstruct continuous cellular dy-
namics remains an open and critical challenge in the field.

For a single snapshot scRNA-seq data, many embedding
methods are proposed to model and visualize the biolog-
ical processes on a low-dimensional manifold. For exam-
ple, embeddings derived from principal component analy-
sis (PCA), t-distributed Stochastic Neighbor Embeddings
(t-SNE), Uniform Manifold Approximation and Projection
(UMAP) and diffusion maps are typical methods to deci-
pher the topological structure of gene expression (van der
Maaten and Hinton 2008; McInnes et al. 2018; Coifman and
Lafon 2006). Canonical correlation analysis (CCA), Har-
mony and Partition-based graph abstraction (PAGA) shed
light on preserving the statistical, geometric or topological
structure (Wilks 2011; Korsunsky et al. 2019; Wolf et al.
2019). However, these embedding methods usually focus
on retaining the geometric structure but are not designed to
capture the cell-state transition dynamics and temporal rela-
tionships between snapshots. To address the problem, Cell-
Path, Ocelli and VeloViz propose using RNA velocity re-
sults (Manno et al. 2018) to conduct velocity-informed vi-
sualization and pseudo-time trajectory inference (Zhang and
Zhang 2021; Rutkowski and Tabaka 2025; Atta, Sahoo, and
Fan 2022). However, the RNA velocity inference could en-
counter computational issues (Li et al. 2023; Zheng et al.
2023), especially in datasets with low unspliced counts, and
does not consider cross-time point analysis explicitly. While
deep generative model embeddings, like scVI, Geneformer
and TarDis (Lopez et al. 2018; Theodoris et al. 2023; Inecik
et al. 2025), attempt to address batch effects and library size
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effects, they suffer from limited interpretability for the dy-
namical modeling.

To deal with the time-series scRNA-seq data, Optimal
transport (OT) has emerged as a promising tool to model the
cellular dynamics (Bunne et al. 2024; Zhang et al. 2025a).
Its core idea relies on seeking the optimal transport plan be-
tween the population of cells among consecutive time points
with minimal transportation cost (Schiebinger et al. 2019;
Klein et al. 2025). To deal with cell proliferation effects,
TIGON proposes the application of unbalanced dynamical
OT in trajectory inference (Sha et al. 2024). Subsequent
works further relate the regularized unbalanced optimal
transport (RUOT) and mean-field terms to model stochas-
tic effects and cell-cell communications, proposing a new
framework with higher performance and efficiency (Zhang,
Li, and Zhou 2025; Zhang et al. 2025b; Sun et al. 2025).
Nevertheless, since direct inference of cellular dynamics in
a high-dimensional gene expression space is usually unsta-
ble and demands high computational resources (Zhang et al.
2021), these methods usually rely on a pre-defined embed-
ding as the input such as PCA or UMAP space, which is
decoupled from the dynamical learning.

To address these challenges, we present CellStream, a
deep learning framework that generates dynamics-informed
embeddings based on unbalanced dynamical OT for time-
series single-cell snapshots data. We evaluate the effective-
ness of CellStream in modeling cellular dynamics using both
simulated data and real data. Experiments demonstrate that
CellStream embeddings can precisely reveal developmen-
tal trajectories from the noisy, static snapshots of single-cell
gene expression. Overall, our method features the following
contributions:

• We introduce CellStream that jointly learns embedding
and latent cellular dynamics from cross-sectional snap-
shots of single-cell data by integrating an autoencoder
with unbalanced dynamical optimal transport;

• We demonstrate that CellStream embeddings are capable
of reconstructing the cellular dynamics robustly against
noise through simulation benchmarking.

• We validate the effectiveness of CellStream on both sim-
ulated data and real snapshots data, showing its sig-
nificant quantitative improvements over state-of-the-art
methods in representing cellular trajectories with en-
hanced temporal coherence.

Related Work
Manifold-learning Embedding
Numerous methods have been developed to project the com-
plex, high-dimensional data onto low-dimensional mani-
folds. PCA, t-SNE and UMAP are widely used to reveal
the spatial distribution of the given cellular trajectories (Ge
et al. 2025; Gao, Qiao, and Huang 2022; Zhang, Li, and
Zhou 2025). Diffusion map models the geometry of the
dataset as a diffusion process on point clouds, capturing
local similarity and global structure via the eigen-space of
Markov chains (Coifman and Lafon 2006). Canonical cor-
relation analysis (CCA) constructs the embedding space by
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Figure 1: Overview of CellStream. CellStream is a
dynamics-informed embedding model that jointly learns
embeddings and continuous cellular streams from static,
sparse snapshots data. CellStream uses an autoencoder and
neural network to learn embeddings and continuous cellular
streams from sparse snapshots data, guided by real-time tra-
jectory feedback composed of LOT, LWFR and LMass.

identifying linear transformations that maximize the cor-
relations between multiple datasets to mitigate technical
noise and preserve biological signals (Wilks 2011; Raslan
et al. 2024). Similarly, Harmony performs iterative soft
clustering and linear corrections in the latent space to re-
move batch effects (Korsunsky et al. 2019; Huang et al.
2025). Partition-based graph abstraction (PAGA) builds a
topology-preserving embedding space through graph ab-
straction, coarsening single-cell neighborhood graphs to re-
tain geometric structure (Wolf et al. 2019; Aissa et al. 2021).
Although these approaches specialize in extracting topolog-
ical traits from individual snapshots, they tend to overlook
dynamic information and not fully consider temporal struc-
ture across different time points.

Dynamical Embedding
In recent years, several studies have explored how to mani-
fest cellular dynamics in the embedding space. By integrat-
ing multiscale stochastic dynamics, Multiscale Transition
Analysis (MuTrans) generates a dynamical manifold embed-
ding that maps stable cell states to attractor basins and tran-
sient cells to saddle points, revealing continuous cell fate
trajectories (Zhou et al. 2021). CellPath constructs meta-cell
level embeddings based on gene expression similarity and
RNA velocity coherence, employing a directed KNN graph
for pseudo-time trajectory inference through path finding al-
gorithms (Zhang and Zhang 2021). Integrating RNA veloc-
ity and multi-modal diffusion maps, Ocelli represents the
cellular differentiation direction on a low-dimensional em-
bedding from multimodal single-cell data (Rutkowski and
Tabaka 2025). VeloViz constructs RNA velocity-informed
embeddings based on a weighted k-nearest neighbor graph
which integrates RNA velocity with gene expression (Atta,
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Sahoo, and Fan 2022). However, the steady-state assump-
tion of MuTrans may limit its application to non-stationary
systems with rapid proliferation, and RNA velocity used
in CellPath, Ocelli and VeloViz faces challenges to model
complex temporal transitions across time points which have
longer time scales than splicing dynamics (Zhou et al. 2024).

Deep Generative Model Embedding
Deep generative model embeddings leverage deep learn-
ing to generate robust, low-dimensional representations, en-
abling batch correction and regulatory inference. By in-
tegrating variational inference and conditional generative,
scVI provides low-dimensional embeddings free from batch
effects and library size effects (Lopez et al. 2018). Gene-
Former employs a transformer architecture to tokenize rank-
ordered gene expressions into sequences for self-supervised
masked prediction, generating contextual cell embeddings
that encode regulatory network dynamics (Theodoris et al.
2023). TarDis constructs embeddings in a variational au-
toencoder framework and leverages self-supervised disen-
tanglement losses to distinguish covariate-specific variations
from underlying biological processes (Inecik et al. 2025).
However, the majority of existing deep generative model
embeddings are usually established on VAE or Transformer
architectures, encountering challenges in the interpretability
issue of dynamical modeling.

Dynamical OT based Trajectory Inference
Dynamical OT proves to be an effective model for deci-
phering cellular dynamics (Zhang et al. 2025a; Gu, Chien,
and Greenewald 2025). TrajectoryNet pioneers the applica-
tion of dynamical OT in trajectory inference combined with
continuous normalizing flows (Tong et al. 2020). MIOFlow
introduces a Geodesic Autoencoder (GAE) to learn low-
dimensional manifolds which enable trajectory inference
from time-series snapshots based on dynamical optimal
transport theory (Huguet et al. 2022). Leveraging unbal-
anced dynamical OT, TIGON infers differentiation trajec-
tories and population growth from scRNA-seq data simul-
taneously (Sha et al. 2024). stVCR further reconstructs the
interaction between gene expression and spatial migration
from spatial transcriptome (ST) data (Peng, Zhou, and Li
2025; Zhang et al. 2025c). Focused on intercellular commu-
nications, CytoBridge relates the regularized unbalanced op-
timal transport (RUOT) to Mean-Field Schrödinger Bridge
(MFSB), recovering unbalanced stochastic interaction dy-
namics (Zhang, Li, and Zhou 2025; Zhang et al. 2025b; Sun
et al. 2025). There are also many flow matching-based meth-
ods to tackle this problem (Petrović et al. 2025; Tong et al.
2024b,a; Kapusniak et al. 2024; Wang et al. 2025) and also
some methods are based on the Schrödinger Bridge (SB)
problem (Lavenant et al. 2024; Pariset et al. 2023). How-
ever, to tackle sparsity and noise problems in original gene
expression space, existing works often rely on a reduced di-
mension input as pre-computed embeddings. The separation
of trajectory inference from embedding construction is lim-
ited when considering the temporal structure of datasets, im-
peding the reconstruction of spatiotemporal dynamics.

Methodology
Optimal Transport
Static Optimal Transport. Optimal transport(OT) seeks
to minimize the transport cost between two populations,
namely the Kantorovich problem (Kantorovich 1942). For
p ∈ [1,+∞], the Wasserstein p-distance is defined as

Wp(µ, ν) = inf
γ∈Γ(µ,ν)

(
E(x,y)∼γ [d(x,y)

p]
)1/p

,

where µ ∈ P(X) and ν ∈ P(Y ), and a coupling γ is a joint
probability measure whose marginals are µ and ν. Γ(µ, ν)
denotes the set of all couplings and d : X × Y → R+ is
a given distance function. Wp(µ, ν) represents the optimal
transport cost between two probability measures. Unless ex-
plicitly stated, we choose p = 2 by default in the calculation.
Dynamical Optimal Transport. Equivalent to static OT, the
framework of dynamical OT was formulated in the form
of fluid dynamics equations, which modeled the transport
as a continuous flow and optimized over smooth and time-
dependent density ρ(t,x) and velocity fields v(t,x) (Ben-
amou and Brenier 2000). The spatiotemporal dynamics of
the mass distribution was subject to the following continuity
equation with the initial and final constraints:

∂tρ+∇x · (vρ) = 0, ρ(0, ·) = ρ0, ρ(T, ·) = ρT

for any t ∈ [0, T ] and x ∈ Rd, where v(t,x) ∈ Rd de-
termined the velocity field that governed the dynamics of
the density. When defining the transport distance function
as the Euclidean distance, namely d(x,y) = ∥x− y∥2, the
cost function of dynamical OT can be expressed as

Ldynamical OT =

∫ T

0

∫
Rd

∥v(t,x)∥2ρ(t,x) dxdt.

Unbalanced Dynamical Optimal Transport. The mass
conservation assumption of dynamical OT does not account
for the total mass changing, which is an important phe-
nomenon in biological processes due to cell apoptosis or di-
vide. To model such dynamics, unbalanced dynamical OT
introduces a growth term g(t,x) : [0, T ]× Rd → R to
rewrite the continuity equation as

∂tρ+∇x · (vρ) = gρ, ρ(0, ·) = ρ0, ρ(T, ·) = ρT .

A transport cost function that considers both kinetic and
growth energy simultaneously is imperative to constrain the
transport dynamics. Wasserstein–Fisher–Rao (WFR) dis-
tance emerges as a desirable choice to describe the over-
all shipping cost (Chizat et al. 2018, 2019), and the corre-
sponding cost function of unbalanced dynamical OT can be
defined as:

LWFR =

∫ T

0

∫
Rd

(∥v(t,x)∥2 + αg2(t,x) )ρ(t,x) dx dt,

(1)
where integral terms involving ∥v(t,x)∥2 and g2(t,x) are
used to quantify the cost of transport and growth respec-
tively. The hyperparameter α is introduced to explicitly con-
trol the relative weight of the above two terms when mini-
mizing the cost function, and we set α = 1 in our tasks. The
sensitivity of our algorithm to α is presented in Appendix
B.5.
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Modeling the Single Cell Transcriptional Dynamics
in the Low-dimensional Embedding Space
Despite the high-dimensionality of gene expression, it is
commonly assumed that the dynamical biological processes
underlying scRNA-seq data are indeed embedded on a low-
dimensional manifold (Lin, Troup, and Ho 2017; Mon-
gia, Sengupta, and Majumdar 2019; Hou et al. 2020). Cell-
Stream aims to model the dynamics of cellular trajectories
and growth in an iteratively refined low-dimensional embed-
ding space based on unbalanced dynamical OT. Formally,
our goal is to jointly learn a suitable time-dependent low-
dimensional embedding f enc(t,x), which maps the orig-
inal D-dimensional data with time t to a d-dimensional
space(d < D), together with the dynamical functions v and
g defined in this embedding space, such that the WFR dis-
tance Lemb

WFR in the dynamical optimal transport problem is
minimized.

The constraint of f enc(t,x) is enforced by introducing an
embedding loss Lembedding, which promotes faithful recon-
struction of the input in the latent space. For example, if
f enc is implemented as the encoder module of an autoen-
coder, a decoder f dec : Rd → R × RD can be jointly
trained, and the embedding loss is defined as Lembedding =

MSE
(
f dec ◦ f enc([t,x]), [t,x]

)
. The specific form of the

problem is as follows:

min
f enc,f dec,v,g

Lembedding(f
enc, f dec) + λLemb

WFR(f
enc,v, g)

where f enc(t,x) : R × RD → Rd, v(t, z) : R × Rd → Rd,
g(t, z) : R× Rd → R, with z = f enc(t,x).

The system is constrained by ρ(0, ·) = ρ0, ρ(T, ·) = ρT ,
and satisfies the continuity equation

∂tq(t, z) +∇z · (v(t, z)q(t, z)) = g(t, z)q(t, z), (2)

where q = f enc
# ρ , i.e. q(t, z) =

∫
ρ(t,x)δ(z− f enc(x))dx.

Deep Learning-based Solver in CellStream
We suppose that time series RNA-seq data are given by

(ti,Xi)
T−1
i=0 , Xi = {xji ∈ RD}Ni

j=1

whereD indicates the dimension of gene expression,Ni rep-
resents the cell population at time ti and we use index j for
the single cells. We assume that the number of cells involved
at time ti is proportional to Ni if there is no prior informa-
tion. In the embedding space, the input data is reduced to

(ti,Zi,wi)
T−1
i=0 , Zi = {zji = f enc(xji ) ∈ Rd}Ni

j=1

where wi =
1
Ni

1Ni
∈ RNi implies the weight of each point.

Driven by v and g, we can also obtain predicted states:(
ti, Ẑi, ŵi = {ŵj(ti)}N0

j=1

)T−1

i=0
, Ẑi = {ẑj(ti) ∈ Rd}N0

j=1

initialized from Ẑ0 = Z0, ŵ0 = w0 by ODE such that

dẑj(t)/dt = v(t, ẑj), dlogŵj(t)/dt = g(t, ẑj). (3)

In order to construct a feasible and efficient solver for Cell-
Stream, we implement f enc as an autoencoder and param-
eterize these functions to be solved (including autoencoder

f enc and f dec, velocity field v, and growth term g) based on
neural networks as fθ,vϕ, gψ . Here θ, ϕ, ψ are parameters
to be optimized in neural networks. The total loss function
of neural networks (L) can be divided into autoencoder loss
(LAE), WFR distance loss (LWFR), and data matching loss
(LMatch):

L = λAELAE + λWFRLemb
WFR + λMatchLMatch. (4)

The three loss terms refer to autoencoder reconstruc-
tion error, optimal transport distance, and matching error.
λAE, λWFR and λMatch are hyperparameters controlling the
relative weight between loss terms. In the following exper-
iments, we set λAE = 10, λWFR = 1, λMatch = 5. We will
verify the robustness of the algorithm to those parameters in
Appendix B.5.
Autoencoder Loss. To minimize the reconstruction error
between the estimated single-cell data and the observed
measurements, we introduce autoencoder loss LAE based on
Mean Squared Error (MSE) :

LAE(θ) = MSE(f dec
θ ◦ f enc

θ (t,x), [t,x])

Wasserstein-Fisher-Rao Loss in Embedding Space. We
can rewrite (1) under the circumstances of neural networks
as:

Lemb
WFR(θ, ϕ, ψ) =

∫ T

0

∫
Rd

(
∥vϕ(t, zθ)∥2

+ αg2ψ(t, zθ)
)
q(t, zθ) dzθ dt.

(5)

The integral form in (5) involves computing the density
term q(t, z) that satisfies (2), which is computationally pro-
hibitive in practice since it requires solving complex partial
differential equations (PDE) in high-dimensional space. To
address this computational bottleneck, we leverage the fun-
damental equivalence between Eulerian and Lagrangian de-
scriptions of fluid dynamics and further convert (5) to an
equivalent dimensionless form (Sha et al. 2024; Zhang, Li,
and Zhou 2025):

Lemb, par
WFR (θ, ϕ, ψ) =

N0∑
j=1

∫ T

0

(
∥vϕ(t, ẑj(t))∥2

+ αg2ψ(t, ẑ
j(t))

)
ŵj(t) dt,

where ẑj(t) can be calculated efficiently using Neural ODE
solver (Chen et al. 2018) for (3).
Data Matching Loss. Data matching loss aims to match the
distribution of the estimated data at each time point with
its corresponding ground truth. The Wasserstein distance is
widely used to quantify such distribution difference. How-
ever, since we relax the mass conservation assumption to
the unbalanced event (2), the combination of Mass Loss
LMass and OT Loss LOT is calculated as LMatch(θ, ϕ, ψ) =
λMassLMass + λOTLOT, where LMass aims to ensure the con-
sistency of cell population and LOT is used to evaluate the
gap between different distributions. λMass and λOT are hy-
perparameters to balance the relative weight, and we set
λMass = 1, λOT = 1 in the following experiments.

Data matching loss LMatch is intended to quantify the dif-
ferences between the estimated distribution (ti, Ẑi, ŵi)

T−1
i=0
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and the ground truth (ti,Zi,wi)
T−1
i=0 . For Mass Loss LMass,

we use the global mass difference as the measurement:

LMass(θ, ϕ, ψ) =
T−1∑
i=0

∣∣∣∣∣∣
N0−1∑
j=0

ŵji −
Ni
N0

∣∣∣∣∣∣ .
For OT Loss LOT, we approximate it by using the Wasser-
stein 2-distance between two normalized distributions:

LOT(θ, ϕ, ψ) =
T−1∑
i=0

W2

(
ŵi

∥ŵi∥1
,

wi

∥wi∥1

)
.

Iterative Training Strategies
To improve the robustness and efficiency of convergence,
we initialize the autoencoder using PCA. In practice, the en-
coder f enc

θ and decoder f dec
θ are optimized separately to min-

imize the loss function of the autoencoder LAE.
Due to the large number of parameters and the intricate

calculation of loss functions, we employ Block Coordinate
Descent (BCD), which involves separating the autoencoder
from the dynamic components and alternately optimizing
the parameters of both (Lyu and Li 2024). Instead of train-
ing them independently, when training the autoencoder to
obtain cell embeddings, we not only take into account LAE
but also incorporate the dynamics loss function (including
LWFR,LOT and LMass ) proportionally. These training strate-
gies facilitate the development of an interpretable embed-
ding space. The specific training strategies are as follows:

Algorithm 1: Training CellStream

Input: Time Series scRNA data (ti,Xi)
T−1
i=0 , the dimen-

sion of embedding space d, maximum iterations nmax.
Initialization:θ, ϕ, ψ
while the loss function remains decreasing do

Optimize θ when fixing ϕ, ψ :
Calculate (ti,Zi,wi)

T−1
i=0 based on the input and f enc

θ
for iter = 1 to nmax do

Estimate (ti, Ẑi, ŵi)
T−1
i=0 via NeuralODE using

(t0,Z0) by (3)
Calculate the loss function: L ← λAELAE +
λWFRLemb, par

WFR + λMatchLMatch
Update θ

end for
Optimize ϕ, ψ when fixing θ :
Calculate(ti,Zi,wi)

T−1
i=0 based on the input and f enc

θ
for iter = 1 to nmax do

Estimate (ti, Ẑi, ŵi)
T−1
i=0 via Neural ODE using

(t0,Z0) by (3)
Calculate the loss function: L ← λWFRLemb, par

WFR +
λMatchLMatch
Update ϕ, ψ

end for
end while
Output:

Autoencoder f enc
θ and f dec

θ ,
Embedding space dynamical function vϕ and gψ .

Evaluation Metrics
Besides the visual judgment, we employ several quantita-
tive metrics to assess the inferred embeddings. In the sim-
ulated data, where the ground truth is known, we directly
calculate the velocity accuracy (VA) between the estimated
velocity and the true values. For the real datasets without
ground truth, we develop two consistency metrics: velocity
consistency (VC) and temporal consistency (TC) as follows.
Velocity Accuracy (VA) With known ground truth, we as-
sess predictive accuracy by computing the distance cor-
relation (dCor) between the predicted velocity {vpred

i }Ni=1
in the cell embedding space and the ground truth velocity
{vreal

i }Ni=1 in the same space:

VA = dCor(vreal,vpred),

where the predicted velocity vpred can be directly derived
from vϕ, and the real value vreal can be calculated by using
coordinate transformation formula.
Velocity Consistency (VC) We propose velocity consis-
tency (VC) to assess velocity coherence in the embedded
latent space. A higher VC is expected since it indicates a
smoother velocity field which boosts better robustness in
downstream analysis. Specifically, the neighborhood of each
cell is first identified, and then an individual average velocity
similarity and overall velocity consistency are computed:

VCr =

∑
i,j

vcr(z
j
i )∑

i

Ni
, vcr(z

j
i ) =

∑
zl
k∈Nr(z

j
i )

cos⟨v(zlk),v(z
j
i )⟩

|{zlk ∈ Nr(z
j
i )}|

where Nr(zji ) indicates the r-distance neighborhood of zji ,
and v(zlk) is the velocity vector of zji in the embedding
space. In the numerical experiment, we set r = 0.05.
Temporal Consistency (TC) We propose temporal consis-
tency (TC) to assess the degree of temporal separation in the
embedding space. For each cell from time point i, we calcu-
late the proportion of temporally matched neighbors, namely
the fraction of cells within its neighborhood that also belong
to time point i. TC is then computed as the average of these
proportions across all cells from all time points, providing a
global measure of temporal coherence in the embedding:

TCr =

∑
i,j tcr(z

j
i )∑

i Ni
, tcr(z

j
i ) =

|{zlk ∈ Nr(z
j
i )
⋂

Zi}|
|{zlk ∈ Nr(z

j
i )}|

.

Experiments
Experimental Setups
Datasets. We first benchmarked CellStream on the simu-
lated data to demonstrate its capability in capturing cellular
dynamics and its effectiveness of denoising in embedding
construction. The cellular dynamics simulation involves a
cell population with three time points and 6 genes, which
gradually diverges into two cell subpopulations over time.
Subsequently, three publicly available time-series datasets
were utilized: a single cell RNA sequencing (scRNA-seq)
dataset, a quantitative PCR (qPCR) dataset and a spatial
transcriptome (ST) dataset. The EMT dataset describes an
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A549 cancer cell line treated with TGFB1 to induce the
epithelial-mesenchymal transition (EMT) response (Cook
and Vanderhyden 2020). The iPSC dataset captures the dif-
ferentiation of induced pluripotent stem cells (iPSCs) into
specific cell types, featuring a bifurcation event (Bargaje
et al. 2017). Finally, the mouse organogenesis spatiotempo-
ral transcriptomic atlas (MOSTA) dataset illustrates the spa-
tiotemporal transcriptomic dynamics during organogenesis
in C57BL/6 mouse embryos (Chen et al. 2022). The data
preprocessing details are left in Appendix A.2.
Baselines and benchmarks. To compare the embeddings,
we use two quantitative metrics, velocity consistency (VC)
and temporal consistency (TC), to evaluate the performance
of CellStream compared with other mainstream methods.
Since there are no previous approaches for dynamics-
informed embeddings based on unbalanced dynamical OT,
we compare our algorithm with 6 baseline methods which
can be divided into two categories: 1) unbalanced dy-
namical OT model, TIGON, coupled with four geometric
embeddings including PCA, t-SNE, UMAP and diffusion
maps (Sha et al. 2024); 2) dynamical embeddings gener-
ated by VeloViz (RNA velocity based) and MIOFlow (dy-
namical OT based) (Atta, Sahoo, and Fan 2022; Huguet
et al. 2022). Since RNA velocity analysis requires unspliced
counts which is not available in some single-cell datasets,
we use the velocity field estimated by TIGON as the input
of VeloViz to approximate RNA velocity.
Implementation Details. CellStream is constructed with
PyTorch 2.6.0 and Python 3.12.6. The autoencoder is set as
an encoder-decoder architecture, comprising 3 hidden lay-
ers each with a dimension of 10 and RELU activations. The
output dimension of the encoder is set to 2. The velocity
network and growth network both employ a hidden dimen-
sion of 10 with Tanh activations, differing in layer number
with 4 and 3 hidden layers respectively. The loss weights
{λAE, λWFR, λMatch, λOT, λMass} are set to {10, 1, 5, 1, 1}. α
and r are set to 1 and 0.05 respectively. Our model is op-
timized using equation (4) with the Adam algorithm. The
parameters of baseline methods remain as the default.

Simulated Data with Bifurcation
We first demonstrated the performance of CellStream on
simulated data with unbalanced bifurcating effects gener-
ated from a Stochastic Differential Equation (SDE) solver
(Appendix A.1). We artificially added noise to mimic the
technical noise of real snapshots data. CellStream success-
fully identifies two distinct cell populations and reconstructs
their developmental trajectories from 3 artificial snapshots
(Fig. 2(a)). In order to demonstrate the noise robustness of
CellStream, we constructed 5 sets of simulated data with an
increasing magnitude of noise, and compared the denois-
ing effect of CellStream with other baseline methods. Fig.
2(b) shows that CellStream achieves high VA and TC de-
spite the disturbance of high noise, while the performance
of other methods is adversely affected. Though certain man-
ifold learning embeddings like diffusion maps can attain rel-
atively high VA scores under high noise conditions, there is
a dramatic decrease in TC, indicating a challenge to inter-
pret temporal structures accurately. A detailed comparison

is provided in Appendix B.3.
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Figure 2: Application in the Simulated data. (a) The
dynamics-informed embedding learned by CellStream. (b)
Velocity accuracy and temporal consistency of embeddings
from different methods across six runs on simulated data
with increasing noise level.

Epithelial-to-mesenchymal Transition
We next applied our method to the epithelial-mesenchymal
transition (EMT) dataset from an A549 cancer cell line
treated with TGFB1 (Cook and Vanderhyden 2020) sampled
across 4 time points. In Fig. 3(a), CellStream embeddings
represent a clear cell-state transition temporal structure with
highest VC and TC, aligned with the prior knowledge of
EMT. In contrast, cell populations sampled from different
time points overlap with each other in methods like VeloViz
and MIOFlow (Fig. 3(b)(c)). While the embeddings gener-
ated by t-SNE or UMAP informed TIGON also capture such
structure, their performances are inferior to CellStream in
velocity consistency (Fig. 3(e)(f), Table 1). CellStream can
also capture the growth dynamics consistent with relative
cell population changes at each time point (Appendix B.2).
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Figure 3: Application in the EMT dataset. (a) The dynamics-
informed embedding learned by CellStream. (b) The embed-
dings learned by MIOFlow. (c) The embedding learned by
VeloViz. (d-g) The embeddings from TIGON with PCA, t-
SNE, UMAP and diffusion maps respectively.

Induced Pluripotent Stem Cells
We then used the induced pluripotent stem cells (iPSCs)
differentiation dataset to validate the performance of Cell-
Stream in bifurcation event (Bargaje et al. 2017). Day 3 is
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Method CellStream(ours) VeloViz MIOFlow
TIGON

PCA t-SNE UMAP Diffusion Maps

dataset VC TC VC TC VC TC VC TC VC TC VC TC VC TC

EMT 0.97 0.99 0.88 0.70 0.96 0.77 0.66 0.59 0.70 0.94 0.67 0.91 0.68 0.57
iPSC 0.97 0.91 0.41 0.92 0.98 0.92 0.32 0.94 0.74 0.95 0.82 0.93 0.78 0.84

MOSTA 0.98 0.99 0.83 0.89 0.42 0.92 0.85 0.99 0.43 0.99 0.47 0.99 0.98 0.99

Table 1: Performance comparison of different trajectory inference methods on three real datasets. VC indicates velocity consis-
tency and TC indicates temporal consistency.

the branching point when cells initially in PS states seg-
regated into Mesodermal (M) states or Endodermal (En)
states. We selected data at the first 6 time points that included
the crucial bifurcation process. CellStream successfully re-
veals the cellular differentiation towards mesodermal or en-
dodermal lineages which is not fully resolved by MIOFlow
and TIGON with PCA (Fig. 4(a)(c)(e)). While VeloViz em-
beddings represent the bifurcation event, the velocity field is
tangled at the branching point (Fig. 4(d)) and so do the other
three embeddings(Appendix B.1).
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Figure 4: Application in the iPSC dataset. (a) The dynamics-
informed embedding learned by CellStream. (b) Illustration
of the bifuraction event in the iPSC dataset. (c) The embed-
ding learned by MIOFlow. (d) The embedding learned by
VeloViz. (e) The embedding learned by TIGON with PCA.

Spatiotemporal Analysis
Recently, the emergence of spatial transcriptomics (ST)
technologies has enabled us to investigate the spatial dis-
tribution of gene expression. We further used the MOSTA
(mouse organogenesis) dataset to assess the applicability of
our method in ST data (Chen et al. 2022). We applied a pre-
trained GNN (Dong and Zhang 2022) to integrate the gene
expression matrix with spatial relationships between cells,
using the resulting 50-dimensional space as the input of our
model. In CellStream embedding (Fig. 5(a)), the cell pop-
ulation grew dramatically at the first time point and drifted
forward consistently, agreeing with the prior spatiotemporal
transcriptomic atlas (Appendix B.2). However, embeddings
generated by MIOFlow and VeloViz do not accurately reflect
the temporal structure. The four low-dimensional manifold
embeddings also exhibit incoherent and disordered results
compared with CellStream (Table 1, Fig. 5(d-g)).
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Figure 5: Application in the MOSTA dataset. (a) The
dynamics-informed embedding learned by CellStream. (b)
The embedding learned by MIOFlow. (c) The embedding
learned by VeloViz. (d-g) The embeddings from TIGON
with PCA, t-SNE, UMAP and diffusion maps respectively.

Ablation studies and hyperparameter sensitivity
We conduct ablation experiments to evaluate the contribu-
tion of different components. Specifically, we first decou-
ple AE from the dynamics model to assess the necessity of
jointly learning embeddings and cellular dynamics. Next, we
dismiss the growth term to demonstrate the impact of unbal-
anced dynamical OT. Ablation study results are provided in
Appendix B.4. Furthermore, we examine CellStream’s sen-
sitivity to parameter variance by tuning hyperparameters in-
cluding α , λAE, λWFR, λMatch, λOT, λMass and r. We include
the detailed parameter sensitivity in Appendix B.5.

Conclusion
In this paper, we introduce CellStream, a new algorithm that
jointly learns low-dimensional embeddings and continuous
cellular stream from static, sparse snapshots data. We have
demonstrated on both simulated data and real snapshots data
that the dynamical embeddings derived from CellStream
yield enhanced temporal coherence and improved denoising
effect in revealing the underlying cellular dynamics. How-
ever, a key limitation of CellStream is that a sufficiently po-
tent decoder architecture is yet to be developed to project
dynamics back into the original gene expression space with
high reconstruction fidelity. Future directions also involve
providing a deeper insight into gene regulation networks
from embedding space and extending the applications to var-
ious biological scenarios, like multi-omics data or cell-to-
cell communication (Zhang et al. 2025b).
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