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Abstract

Understanding the molecular mechanisms of tissue regeneration requires recon-
structing continuous spatiotemporal dynamics from sparse, irregularly sampled
data. We introduce a computational framework that learns these dynamics using
a multi-marginal flow matching approach. Our model explicitly accounts for cell
proliferation and signaling, and constrains inferred trajectories to the data manifold
to ensure biological plausibility. To capture the influence of the microenvironment,
we incorporate cell-cell signaling representations. For efficient training, we use
semi-balanced Fused Gromov-Wassertein couplings to pick multi-marginal samples
for training and define conditional reference paths based on cubic Hermite splines.
We then decompose the learned velocity field into spatial and gene expression
components, disentangling the factors behind tissue migration from molecular state
transitions. Applied to an axolotl brain regeneration and ulcerative colitis datasets,
our method successfully reconstructs tissue composition at unseen time points,
particularly under irregular sampling. It also recovers cell type-specific signaling
influences such as Wnt and TGF-{ signaling in neural maturation and interleukin
signaling in inflammation. This work provides a scalable and interpretable frame-
work for studying dynamic tissue remodeling from limited spatial transcriptomic
observations.

1 Introduction

The development of virtual tissue models capable of predicting cellular responses to interventions
represents a critical frontier in Al-driven drug discovery. Recent advances in spatial transcriptomic
sequencing have created unprecedented opportunities to capture the molecular and spatial architecture
of tissues across time, with temporal datasets now spanning diverse biological processes, such as ulcer-
ative colitis [[1], brain aging [2], and axolotl brain regeneration [3]. However, the resource-intensive
and destructive nature of these technologies imposes fundamental limitations: it is impossible to
experimentally track individual cells over time, and temporal data consist only of cross-sectional snap-
shots from sparse, irregularly sampled time points. This creates a critical computational challenge to
reconstruct continuous-time cellular dynamics from discrete observations while incorporating biolog-
ical inductive biases essential for tissue-level modeling, such as cell growth and death dynamics, local
cell-cell signaling, and microenvironmental factors. Such computational frameworks are particularly
crucial for diseases where cell-cell communication drives pathogenesis, including inflammatory

*Corresponding author. Long-term contact information: pinardemetci@gmail.com
"Work partially conducted during research internship. Preferred e-mail address for communication is
gabim.gonzalez4Qgmail.com

Proceedings of the Latinx in Al Workshop @ NeurIPS-25.



bowel diseases like ulcerative colitis, where disrupted epithelial-immune cell signaling perpetuates
chronic inflammation and impairs tissue repair [1l]. By accurately modeling these dynamic cellular
interactions, virtual tissue models could enable prediction of therapeutic interventions and accelerate
the development of targeted treatments that restore healthy tissue function.

Existing computational models that learn tissue trajectories from spatial transcriptomic snapshots
can generally be categorized into two groups: (1) methods that simply connect cells from adjacent
time points without learning a generative model of the tissue dynamics, such as SpaTrack [4] and
Moscot [5], and (2) methods that learn a continuous-time generative model, such as stVCR [6]],
STORIES [7], and GENOT [8]]. The first group cannot simulate intermediate or future states, learns
simplistic transitions between largely separated time points, and lacks a notion of dynamics beyond
one-step transitions. While generative models address this, they come with limitations: stVCR
requires computationally expensive ODE integration in each training step and assumes unrealistic
rigid slice alignment, which limits generalization to unseen time points. STORIES avoids ODE
integration by learning a neural network—parameterized potential landscape, optimized to minimize
debiased Fused Gromov-Wasserstein (FGW) loss between predicted and observed cell distributions.
However, training remains slow due to the quadratic cost of FGW computation at each step. GENOT
leverages the computationally efficient conditional flow matching framework to learn entropic optimal
transport couplings between cell populations, enabling stochastic trajectory modeling with support
for arbitrary cost functions, including Fused Gromov-Wasserstein distances. While it has not yet been
applied to reconstructing tissue dynamics from time-series spatial transcriptomic data, its framework
is extensible to that setting. However, GENOT is currently limited to modeling pairwise distributions
and does not support trajectories over multiple, irregularly sampled time points. While there are
computational methods proposed to infer single-cell trajectories from multiple, irregularly sampled
time points, such as MMFM and MMSFM [9, [10], these lack explicit mechanisms to model spatial
transcriptomic data, where slices from different time point snapshots are typically not aligned in the
same coordinate system. Lastly, none of these models explicitly incorporate local cell-cell signaling
or spatial microenvironment information, which are known factors to that influence cell fate and
tissue patterning.

To address this gap, we propose a new computational framework that learn continuous-time dynamics
from spatial transcriptomic snapshots that are sparse and irregularly sampled. Our model integrates
spatial contextual information on cells like intercellular signaling, and supports scalable inference
across multiple time points. In preliminary experiments applied to reconstruct tissue dynamics in
mouse intestinal model of ulcerative colitis and axolotl brain regeneration, we show that our approach
enables both improved accuracy in trajectory reconstruction and can generate hypothesis on signaling
factors that drive these trajectories. This positions our method as a flexible and data-efficient tool for
studying a variety of complex tissue remodeling processes.

2 Method

Given spatial transcriptomic snapshots D; = (X, S;) from time points ¢ € {t¢, t1,...,tr}, where
X € R"*9 denotes gene expression (i.e. “transcriptomic”) measurements for n; cells and g genes,
and S; € R"™* specifies the corresponding spatial coordinates in d-dimensional space, our proposed
method, CHRONOTILE , aims to learn the continuous-time dynamics of cells’ transcriptomic states
and spatial organization, and to identify their molecular and microenvironmental contributors. This
involves several challenges:

* Spatial coordinates, Sy, are typically not aligned across time points in a shared coordinate
system due to variations in tissue slice orientation;

* Gene expression data, X;, are noisy and high-dimensional, with thousands of genes mea-
sured per cell;

» Temporal sampling is typically sparse and irregular;

* Tissue architecture evolves due to temporal changes in cells’ transcriptomic states, their
spatial migration, proliferation and death. These changes are often influenced by microenvi-
ronmental factors, such as cell-cell signaling;

Considering these challenges, CHRONOTILE uses a multi-marginal flow matching framework to
learn a neural network—parameterized velocity field that models the continuous-time evolution of



tissue architecture in terms of both cellular transcriptomic states and spatial organization. To do so,
CHRONOTILE performs the following steps:

1. Learning lower-dimensional representations of transcriptomic states:
CHRONOTILE first learns lower-dimensional representations z € RP of transcrip-
tomic profiles using manifold-regularized variational autoencoders (VAEs), which promote
smooth flows over the data manifold (Section[A.T).

2. Computing cell proliferation-aware couplings: For each pair of consecutive time points
(ti,tiy1), it computes a probabilistic coupling between cells in snapshots D;, and Dy, ,
(Section 2.1.1). This coupling accounts for the VAE-embedded transcriptomic states, intra-
snapshot spatial geometry, and estimated cell proliferation rates. These proliferation rates are
inferred from expression levels of genes associated with cell growth and death (Section [2.2).

3. Pre-aligning spatial transcriptomic slices: Using the computed couplings, it estimates
a global similarity transform to align spatial coordinates across each consecutive snapshot
pair, thus establishing a shared coordinate system. The resulting aligned spatial coordinates
(Section[A.d), s', are used in subsequent steps.

Steps 1-3 prepare the spatial transcriptomic data for modeling continuous-time dynamics
via flow matching.

4. Incorporating cell-cell signaling: To account for microenvironmental influences,
CHRONOTILE scores pathway-specific signaling input received by each cell from its
spatial neighbors (Section [2.3). The top 20 most variable signaling pathways are selected

and transformed into a feature vector czlg“al, which is concatenated with each cell’s latent
state and spatial coordinates, and used as inputs in the next step.

5. Learning continuous-time dynamics via multi-marginal flow matching: Finally, given
these inputs, CHRONOTILE learns a neural velocity field via multi-marginal flow match-
ing (Section 2.1), capturing the joint evolution of cells’ transcriptomic states and spa-
tial positions over continuous time. To generate training trajectories for flow matching,
CHRONOTILE fits monotonic cubic Hermite splines between cells linked across multiple
time points by the couplings computed in Step 2. By analyzing the partial derivatives of
the learned velocity field with respect to specific inputs (e.g., gene expression or signaling
features), we identify molecular and microenvironmental drivers of tissue reorganization in
a cell-type—specific manner.

We host the source code on https://github. com/pinardemetci/CHRONOTILE.

2.1 Learning continuous-time spatiotranscriptomic dynamics with biology-aware
multi-marginal flow matching

We represent each cell at time ¢ with a joint spatiotranscriptomic state vector y = [z,s'] € R+d),
where z € RP is a lower-dimensional embedding of the transcriptomic profile generated via the
manifold-regularized variational auto-encoder (described in Section[A.T)) that encourages flows to
progress along the data manifold, and s’ € R? denotes the spatial coordinates, “corrected” after we
align snapshots from different time points into a shared coordinate system (described in Section[A.4).

We model the evolution of each cell’s state via a neural ODE that parameterizes the velocity field
underlying cell state changes with a neural network vyg:

d

= = w(y.élt).c), (1)
where ¢(t) € R* denotes 4-dimensional sinusoidal time embeddings [11]] that provide rich temporal
context to the network and ¢ € R?° provides additional signaling information received by cells from
their local spatial neighborhood in the form of signaling pathway scores on the top 20 most variable
pathways (Section . The velocity field vg : RCTD+4+20 5 Ry RPH s a neural ordinary
differential equation (ODE) that predicts the instantaneous change in the joint spatio-transcriptomic
state, y, at time ¢ and is constructed as a feed-forward network with four hidden layers and smooth
activations (GeLU default).

Traditionally, such neural ODEs have been trained by repeatedly solving forwards ODE integrations
at every gradient step, which is computationally expensive and can become numerically unstable
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when the dynamics are stiff. The conditional flow matching (CFM) framework [12] has introduced
a simpler and more efficient training scheme that side-steps simulations, where the velocity field
is regressed onto an analytic reference field u;(z; | 2o, z1) conditioned on sampled pairs (zg, z1)
representing endpoints of predefined reference paths between two snapshots:

Lorm = Einri(0,1) Ezo,z)mr Bagmpy (- 20.20)|[00(26,1) — ui(2i | 20,21) Hz (2)
Here, 7 is a joint distribution over consecutive time points that can represent either independent
sampling from marginals [12] or structured couplings [13]. The CFM objective in Equation [2is
limited to modeling flows between two time points. To handle multiple time points, we adopt the
multi-marginal flow matching (MMFM) loss [9]:

Lyvvirm (0) = Equ(s) Et~u[o,1], z~py(z]€) “|U€(Z7t> — ut(z | E)Hg] (3)

where £ = (zg,21,...,%Zx) is a multi-temporal trajectory sampled across all K + 1 time points.
Unlike [9]], we construct the coupling distribution ¢(&) using semi-balanced entropic Fused Gromov-
Wasserstein (FGW) optimal transport [14} (15| [16] (Section 2.I.1). The choice of FGW allows
for finding probabilistic couplings between cells from consecutive time points, while accounting
for similarities in both their transcriptomic cell states and their spatial context. Additionally, the
semi-balanced formulation allows us to incorporate estimates of net cell proliferation, which lets
cells with higher estimated proliferation rates to be matched with more cells in the next consecutive
time point. To obtain the analytic reference field u:(- | €), we draw anchor points from the training
data, &€ = (zo,...,zxk ), sampled based on these couplings, and interpolate between them using
smooth splines (Section [2.1.2), which accommodate irregularly spaced time points and provides
closed-form derivatives for quick evaluation and back-propagation during training. We specifically
choose monotonic cubic Hermite splines for analytical properties described in Section [2.1.2]

2.1.1 Picking training samples for reference paths

For a given pair of consecutive time points, e.g. t; and to, we compute the semi-balanced FGW
coupling between cells as:

ny no ni ng
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+ ¢KL(P|la® b) + AKL(P1|ja) (4)

where D, = ||s; — sy ||? gives the squared Euclidean distance between the spatial coordinates of cells
1 and k from time point ¢;. Essentially, this objective considers both the transcriptomic similarity (via
embeddings z) and spatial structural alignment (via intra-time-point spatial distances, D?), balanced
by the hyperparameter « € [0, 1]. Crucially, since D* holds relative pairwise distances within a time
point, it considers the tissue’s geometric structure without requiring the slices to be aligned across
time points. Additionally, since the embeddings z are computed with a manifold-aware VAE, the term
||lz; — z;||* approximates transcriptomic manifold distances. The vectors a and b are the prescribed
mass distributions over cells from time points ¢; and to, respectively, where a initialized based
on gene-expression-derived proliferation scores (Section and assume b is uniform. The total
outgoing coupling probability, a;, for cell 7 is high when it has a high profileration rate estimate. The
semi-balanced regularization term, AKL(P1||a), allows deviation from imperfect growth priors and
the entropic regularization term, e KL(P||a ® b), enables efficient computation and allows coupling
probabilities to spread across multiple cells.

Based on these couplings, we pick training samples to define reference paths. Following the “rolling
window” strategy in [10], we start by sampling a pair of aligned data points from the initial time
points and then extend it to a triplet. To do this, we first sample a source index ¢ from the outgoing
mass distribution a; = > j ij (t1,t2) and then sample its destination, j, at the next time point from
the row-normalized conditional
P (ty,t2)
t1 b2 s ) ?
(v ayj)Nﬂ-127 m2(j 1) = <75
2 B

Given this middle cell 4“2, we sample its successor from the next coupling by
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Giving us sampled triplets (y!', y;Q ,y;?) for training.

2.1.2 Defining reference paths

These sampled triplets (yf‘1 , y§.2 , yfj) serve as control points (or “anchor points”) for defining smooth
and continuous local reference paths. By fitting splines over rolling windows of three consecutive
time points, we capture intermediate dynamics more accurately than pairwise interpolation and obtain
trajectories that remain well-behaved even when sampling intervals are uneven. This multi-point
construction enforces temporal smoothness while accommodating irregular sampling, resulting in
more stable and biologically plausible reference paths [10].

For each triplet, we concatenate two monotonic cubic Hermite segments, pi12(t) for the time interval
[t1,t2] and po3(t) for the time interval [to, ¢3], that meet at the middle point y§-2.

For the segment 1112 (), with the rescaled time 72 = (¢t — t1)/(t2 — t1) € [0, 1], we define:
pa(t) = hoo(m12) ¥i* + hao(Ti2) me, + ho1(m12) Y532 + han(112) s,
and similarly, for the segment pio3(t), using o3 = (¢t — t2)/(t3 — t2), we define:
p23(t) = hoo(723) Y7 + h1o(723) e, + hor (123) ¥ + haa(T23) mu,, ey = s

where the Hermite basis polynomials are hog = 273 — 372 + 1, hig = 7> — 272 + 7, ho, =
23 4+372, by =13 — 12

The slopes my, , my,, and m,, indicate the starting, middle, and end point slopes, respectively. We
define the starting and end point slopes as “secant slopes”, i.e. straight-line rate of change between
the two data points they interpolate: yzt-1 and y? for my, and y;i2 and ytk3 for my,:

t t t tal
yjz _ yil yk3 _ yjz

my, = —— my, = —————
to —ty ty — to

The middle point slope, m.,, is chosen according to the Fritsch-Carlson monotonicity rule so the
cubic never overshoots its two end-points and every interpolated state remains inside the convex hull
of its neighboring observations. To achieve this, if the incoming and outgoing secant slopes m;, and
my, disagree in sign, we force m;, = 0; otherwise we clip the slope to the harmonic mean:

07 mt1 - mtg S Oa
My, = § 2my, — my .

—L 3 otherwise,

My + My,

With these two segments, p12(t) and pos3(t), we set
{m(w, t € [t1,ta],

pos(t), t € [ta,t3],

Taking the time-derivative of the composite path gives the reference vector field, conditioned on the
control-point context C = (y', yz?, yi):

p(t) =

1 duis
, tel[t,ta],
duc(t) ta — 11 dm2 (m12) 1, 2]
u(y,t]C) T dat 1 dusos

, t € [ta,t3],
tg—tQ d’TQg(T23) [2 3]

with T12 = (t — tl)/(tg — tl) and To3 = (t — tg)/(tg — tQ).
The multi-marginal conditional flow matching training loss is then:

2
‘ U@(yatvc) - u(y7t ’ Cw) H .

where W = {1,..., K — 2} indexes the K — 2 overlapping time windows (., tw-+1, tw+2)-

L= Euww Ec, EitUnit(te,twis)

Because we define local Hermite paths over an overlapping rolling window of three time points and
each local path shares the middle slope, the reference paths we define and their first derivative with



respect to time (i.e. the conditional reference vector field) are continuous, so cells do not “teleport”
or suffer an instantaneous jump in velocity. Unlike natural cubic splines used in [9], samples from
interpolating time points are guaranteed to remain in the convex hull of the observed data from
consecutive time points and the second derivative (i.e. acceleration) is allowed to jump at ¢2, which
is more suitable for biological systems with transcriptional bursts. Because each Hermite segment
depends on at most three control points, evaluating 1(¢) and its derivative (t) is O(1) and adds
negligible overhead.

2.2 Computing initial cell proliferation rate estimates

We initialize cell growth rate estimates based on the net proliferation rates for each cell, predicted
from the observed expression levels of genes that are annotated in the MSigDB [? ] Hallmark gene
sets on apoptosis, G2M checkpoint and E2F targets. For a cell k£ from time point ¢;, we use scanpy’s

: . . lif
scanpy.tl.score_genes function to generate raw “apoptosis” and “proliferation” scores, S}

and S;°", that we then turn into a single “net proliferation rate” estimate by first computing an
unnormalized score:
/ __ prolif. apop.
9 = Ck — Sk
where (7" and (2P are the z-scores of the raw scores, computed to bring the two onto a comparable
scale: "
Ol apo
prolif _ S]E’; — Mprolif Capop _ Skp P Hapop
k Oprolif ’ k Oapop ’
where 11, and o, are the mean and (population) standard deviation of the corresponding signature
across all cells. When the apoptosis scores dominate the proliferation scores, the g, term can take
negative values. Since we use net growth scores to represent the level of density change, we normalize

g, to obtain non-negative scores:

9 9520,
9k = 1 , gk € [1/(_91/0(1in)7 gllmale'

7 gk-, < 03

— gk
When computing the semi-balanced OT coupling between cells from consecutive time points ¢; and
ti+1, we first initialize the source marginal a defined over cells from time point ¢; with these growth
term estimates. Then, we multiply a by a constant factor so that the ratio of its total mass to that of
the (unit-mass) target marginal b defined over ¢;,1 matches the ratio of the number of cells observed
in snapshots ¢; and ¢;41:

Zl by Nt;4q N,

ensuring that the transported mass reflects the different numbers of cells present in the two consecutive
spatial transcriptomic snapshots.

Q. Ny, Z Ny,
Zk — 2 3 ak _ K ,
k

2.3 Incorporating cell-cell signaling

For every cell 7, we summarize the quantity and composition of signaling input received from its local
neighbors. Since absolute spatial distances are not always available or standardized across datasets,
we construct a k-nearest neighbor (k-NN) graph with a default k = 50, connecting each cell to its 50
nearest neighbors based on aligned spatial coordinates.

To estimate pathway-specific communication along edges, we adapt the ligand-receptor framework
of CellChat [17]], which couples a curated ligand—receptor database (~ 2,000 pairs grouped into
pathways P) with a mass—action model. For every directed edge (i — j) and pathway P, we compute

o = Loy tmo)mim
K Pl L oep (@in) +(25R)
where (zj, 1) denotes the average CPM-normalized expression of ligand L in sender cell k, and
similarly for receptor R in the receiver. Note that CPM stands for “Counts Per Million”, a standard



normalization method that scales gene expression so each cell’s total counts sum to one million in
order to correct for differences in sequencing depth across cells. A permutation test over shuffled cell
labels converts these raw scores into probabilities of communication; we retain the expected value as
the edge weight. For each pathway, the total incoming signal to cell ¢ is aggregated as

Li,p = Z w§f)7 PeP.
(J)EE

We retain the P* = 20 pathways with the highest variance across cells, apply a log(1 + ) transform
followed by z-scoring, and obtain the signaling feature vector:

signal
i

= zscore(log(ui pr +1)) € R,
The resulting ¢;'*™ encodes the relative strength of the most variable signaling pathways impinging

on cell 7, and is concatenated with the latent state and spatial coordinates when evaluating the velocity
field vy.

2.4 Investigating molecular drivers

For a cell ¢ observed at time ¢ we construct the cell state input y; = [ Z;, S, } , Where z; is the latent

embeddings of the transcriptomic state and s, is the spatial coordinates and compute c;, which encodes
a cell’s incoming signaling descriptors. We then compute its velocity v; = vg(yi, #(t),c;) € R4,
In order the separate the cell state transitions from spatial migration, we decompose the velocity into
two components: vZ € R9 and v§ € R? by separating the transcriptomically relevant dimensions and
the spatially relevant dimensions (i.e. last 2 dimensions in our applications). To rank each of the input
components by their contribution to either the cell state transitions v; or spatial migration v, we
compute the partial derivative of the velocity field with respect to the input (i.e. Jacobian columns):

Ji o av@(yi7tvci)

€ RP.
’ ox,

X=X;

which shows how much the instantaneous velocity of cell ¢ would change with infinitesimal increase
in the value of the input z,., Because gene counts influence the field only through the embedding
Z = fenc(x), the instantaneous effect of gene ¢ is obtained by composing derivatives:

Jeene _ J(v) 8fenc(x)
>9 ! Oz ’
cRp+d =%
where J Ev) = OQuy/0z is the block of J; ;- corresponding to z. We then score feature r (or gene g)
by the directional derivative and compute the dot product with the cell’s velocity, which helps us
determine whether the input further pushes the cell in the same direction of transition and gives us a

notion of a driver score to rank input factors:
T T
G = Vi Jip, 4y = Vi Iig (M
Then, a population-level importance score is obtained by averaging over a cell set S:
_ 1
qr = E Z qir-
€S

For a group of related features GG (e.g. all components of a pathway vector) we summarise with the
Ly norm S; ¢ = H{SM RS G}H2~

3 Results

We apply our method to reconstruct the spatio-temporal dynamics of two tissues. The first is the
axolotl brain [3]], which provides 2-dimensional spatial transcriptomic snapshots across the course
of tissue repair. In this study, researchers induced tissue regeneration by surgically resecting a



portion of the telencephalon area of the brain and then collected 2D spatial transcriptomic slices from
different animals at seven stages: 2, 5, 10, 15, 20, 30, and 60 days post injury (dpi). The second
dataset is a mouse model of ulcerative colitis [1], which also contains 2D spatial transcriptomic
snapshots from mouse colon during dextran-sodium-sulfate (DSS)-induced colitis. It captures spatial
transcriptomic measurements during inflammation and recovery at four time points: baseline (day 0),
early inflammation (day 3), peak disease (day 9), and post-recovery (day 21). Both datasets contain
replicates from multiple individual animals per time point. While these could be used in incorporating
sample-sample variability in future work, we pick one snapshot per time point in the current work to
start with a simpler scenario.

We first train our model in a leave-one-out setting and evaluate its ability to reconstruct the held-out
time points as Figure[T] visualizes. We compare reconstruction performance against two baselines:
STORIES [7] and GENOT [8], where GENOT. In Table [T} we demonstrate more accurate recon-
struction, especially in later time points with larger temporal gaps between snapshots. We then
investigate the signaling pathways contributing to cell state transitions in specific cell types at differ-
ent time points in the axolotl brain regeneration dataset. Figure [2]visualizes the ranking of signaling
pathways, which shows time-varying cell-type-specific signaling logic during regeneration [3]]. In
neuroblasts, canonical developmental pathways such as Wnt, Notch, and FGF dominate neurogenesis
in early stages post-injury, consistent with their known roles in promoting proliferation and lineage
commitment during neurogenesis [[18| [19]. By Day 7, a shift toward TGF-3 and VEGF signaling
suggests progression into differentiation and integration phases, aligning with literature on tissue
remodeling and neurovascular coupling [20, 21]]. On the other hand, microglia show a transition
from pro-inflammatory signaling (e.g., interleukins, TNF) at Day 3 toward reparative and regulatory
signals (e.g., TGF-/3, VEGF) by Day 7, in line with established temporal dynamics of immune cell
polarization in central nervous system repair [22]]. Together, these findings support the biological
fidelity of our approach and highlight its utility in revealing coordinated spatio-temporal programs of
regeneration.

Axolotl Brain Axolotl Brain Ulcerative Colitis Ulcerative Colitis
(10 dpi) (30 dpi) (Day 3) (Day 9)

Predicted

Observed

X

3

¥

%]
e

’% i 3 2

Figure 1: Visualization of reconstructed slices

Table 1: Benchmarking reconstruction error (measured by Wasserstein distance W7).

Axolotl brain Axolotl brain Ulcerative colitis Ulcerative colitis

(10 dpi) (30 dpi) (Day 3) (Day 9)
CHRONOTILE (ours) 0.021 0.034 0.044 0.076
STORIES 0.039 0.057 0.041 0.101
GENOT 0.092 0.142 0.160 0.155
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Figure 2: Ranking of signaling pathways most influential in transcriptomic cell state transitions in
axolotl brain regeneration dataset.

4 Discussion

Our results demonstrate that biology-aware multi-marginal flow matching can reconstruct continuous
spatio-transcriptomic trajectories from sparse, irregular snapshots while explicitly accounting for
cell—cell signaling and net population change. By coupling semi-balanced FGW plans with Hermite-
spline reference paths, the learned vector field avoids slice-alignment assumptions and prevents
“teleportation”. Our preliminary results show this framework enables us to investigate the signaling
pathways responsible for cell state transitions. This work-in-progress reflects a promising direction
but requires further investigation of molecular drivers across various tissue backgrounds. Additionally,
the current framework does not consider signaling effects from 3-dimensional neighborhood, cell
niche effects beyond signaling or individual variability from multiple samples within the same time
point, which is left for future work.
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A Appendix

A.1 Learning manifold-preserving representations

The vector field vy could be trained using any latent representation of the transcriptomic profiles,
concatenated with spatial coordinates. In order to encourage flows to move on the data manifold,
in our applications, we train a “manifold-aware” variational autoencoder (VAE). For this, we first
estimate manifold distances with a neighborhood graph and use these to regularize the embedding
space learned in VAE training. In large datasets, since computing manifold distances can be inefficient
both in terms of computational time and memory, we give the users an option to use shortest graph
distances using Dijkstra’s algorithm instead.

A.2 Estimating Manifold Distances.

We estimate manifold distances by building a k-nearest neighbor (k-NN) graph of cells based on the
top 50 principal components (PCs) of log-normalized counts, using cosine distance and k = 30 by
default. On this graph, we define a symmetric affinity matrix

o Jepl=llz = wil3/e), (i.)is an edee,
“ 0, otherwise,

where ¢ is the median edge length. While K gives us a notion of local similarity between cells, it is
not a true manifold metric. It only considers one-hop distances and raw affinities vary with sampling
density (e.g. dense regions of the graph will have inflated values). To correct for density bias, we
construct the Markov diffusion operator, P:

P=D7'K with
K = Q'KQY, W= Kij, D;; = Kij.
Q'KQ Qi =) Ki >, K

Here, the left-right scaling by the local kernel mass Q~! removes first-order density bias, and the
subsequent row-stochastic normalization by D~! turns P into a probability-transition matrix, where
each cell diffuses the same total mass per step, regardless of the number of neighbors. However, P
still only reflects one-step transitions, capturing purely local geometry. To compare cells that are
connected through multi-hop paths, we let the random walk evolve over a data-driven ¢* number
of steps. The t-step distribution P;' describes where a particle that started at cell 4 is found after ¢
steps. While small ¢ values only probe micro-neighborhoods, large values risk mixing transition
across entire branches. We let ¢ be a user-determined hyperparameter in the default setting. However,
we also give an option to automatically determine a data-driven diffusion time ¢* by locating the
knee of the spectral-entropy curve, which yields the largest scale that preserves manifold structure
without over-smoothing. For this, let (A¢)¢>0 be the eigenvalues of P with A\g =1 > Ay > Ag > ---.
For each time ¢, we compute the spectral entropy H(t) = —>_ €>1)\E2t log A7, and select ¢* at the

knee point of the H(t) curve, which gives the largest scale before over-smoothing. Using this single,
data-driven scale t* we define pairwise manifold distances between cells as:
1/2

dij = Hpﬁ* P, 3)

1

which serves as our ground-truth manifold metric. In rare datasets, the spectral-entropy curve may be
nearly flat with no clear knee. In such a case, we check the second eigenvalue A; of P to estimate
if the random walk mixes too slowly because the walk is locally trapped in well-separated clusters
(A1 > 0.98) or if it mixes fast due to the high homogeneity in the data (A\; < 0.98). In the latter
scenario, we default to local scale t* = 1 and in the former, we set t* = [1/(1 — A1)], which is
expected to the random walk run long enough to move beyond each cell’s immediate neighbourhood
and smooth out local noise, yet stop before it mixes probability across distinct branches.

A.3 VAE Training.
Given the pre-computed manifold distances, we train a S—VAE with an isotropic Gaussian prior

p(z) = N(0,1) in two stages. For the initial 10% of epochs (“warm-up stage™), only the reconstruc-
tion loss (Gaussian likelihood on log-counts) and an annealed KL term are optimized, allowing the
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decoder to stabilize:
Lyam = Lrecon + PrL LxL, with Bgp: 0—1 linearly annealed

For a mini-batch size B, the training loss would be:

1 B
Lrecon = E Zsz - -731”%7
=1

D
1
Luw = KL(gs(31)lIp(@)) = 575 30D (i + 0y — 1~ log ol ).
i=1d=1
where x; is the log-normalized expression of cell i, &; is the decoder output, and g4 (z|z;) =

N (s, diag(c?)) is the encoder distribution. Following this, we introduce a triplet regularizer term
Ly that aligns Euclidean latent distances with the manifold metric:

B
1
Lyi = B Z[Hza — 2pll2 — 20 = znll2 + m]Jr

i=1

Here, each anchor a is a batch sample, the positive sample p is one of its nearest neighbors, while the
negative sample 7 is a distant cell with d,,, > 7, where the threshold 7 reflects the 90*" percentile
of all d;;. We choose m = 0.5 as a margin large enough to prevent the optimizer from collapsing

all points onto one another (if 77 = 0) but also small compared with the typical latent spread (v/D,
which would be ~ 3 for D = 10). The full objective used after the warm-up phase is:
LvaE = Liecon + B LKL + Aui(t) Lo with Ay 0—5 linearly annealed

Since the triplet term needs only one positive and one negative sample per anchor, memory and
compute stay O(B) per batch, while the latent Euclidean metric converges to the diffusion-based
geodesic over multiple batches and epochs throughout the training.

A.4 Aligning spatial transcriptomic snapshots in a shared coordinate system

Given the semi-balanced FGW coupling P*(t;,t;11) € RZ, """ (Eq. E}, we convert this soft
correspondence into an explicit rigid transformation that places two 2-D spatial transcriptomic
snapshots (henceforth, “slices”) in a shared Cartesian frame. The procedure extends the weighted
Pgocrustes/Kabsch solution of PASTE2 [23] to the unbalanced setting in which P*1 # a and
1'P*#b.

First, coupling weights are normalised as
* Ni41 ng
_ P _ N
wzﬁf Z P 9 Wi = Zw”’ UJ—Z’U)”,
Y j=1 i=1
with Z@ jWij = 1; entries below a threshold 7 = 10~* are discarded.

Let sfg € R? denote the spatial coordinates of cell k in snapshot ¢; and 52“’1 € R? those of cell £ in
snapshot ¢; 1. Weighted centroids are

t; tiy1
= Dok Wk Sy P YUy
ti — ) tiv1 — )
Zk Wk Ze Ve
. ~ti _ ~tipr _ _tiga
and centred coordinates are 5,° = s;7 — py, and 5,7 = 8,7 — pug, .

The weighted orthogonal Procrustes problem builds the cross-covariance

n; Mit1

C=Y"Y wwdl (3) e R

k=1 (=1

whose singular-value decomposition C = UX VT yields the optimal rotation R = UV € SO(2)
that minimises 3", , wx|[35 — R, |2
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Applying the rigid transform gives aligned coordinates
ti ti
s/[ i :ng+1+(ﬂti_RNti+1)a £:1,...,TL¢+1,
where the translation vector is t = p;, — Ry,

For a temporal series {¢1,...,tx }, successive pairs (¢, tr41) are aligned to obtain (R, tx); com-
posing these yields

m—1
(R(m)vt(m)) = (Rl te Rm,—la t'1 +Z Rl ce Rp_ltp), m > ].,
p=2

so that every snapshot ultimately resides in a single common 2-D coordinate system.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We demonstrate experimental results based on our exploration so far that
support the claims made in the introduction and abstract.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We acknowledge the preliminary nature of our results as this is a work-in-
progress. We also discuss methodological limitations in the Discussion section, such as
unaccounted-for biological factors and technical confounders in our model.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: Our work does not involve any theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We detail dataset preprocessing steps as well as all the details needed to
independently implement our model in the Methods and Appendix sections. We provide
also a link to the GitHub repository, where we host our source code and include information
on and links to the pre-processed datasets we analyze in this study.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

15



5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide the link to our public code repository in the Methods section, along
with the links to the datasets.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide sufficient detail on experimental details in the paper to make sense
of the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Our preliminary results did not include repeat experiments but future work
will involve statistical analysis.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the details of the compute environment our model was developed
and tested in in the README file of our public repository. As we do not present a large-scale
model (e.g. a foundation model), most modern computing setups would be expected to
successfully run our code.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We reviewed the NeurIPS Code of Ethics and confirm that we conform to it.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification:We do not believe our work has a direct societal impact to discuss. Our main
area of impact is to potentially enable novel biological insights.
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: We do not believe our model has a high risk of misuse or requires any
safeguards to be put in place.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All datasets and computational tools used in this work are properly cited. We
rely exclusively on publicly available data and open-source academic software.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.
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14.

15.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: This work introduces a new computational framework, with its source code
and standard documentation made publicly available. The documentation will be continually
improved as we work on further developing the methodology.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA] .
Justification: The paper does not involve any human subjects or crowd-sourced work.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve research with human subjects, crowdsourcing or
any other work that requires an IRB approval.

Guidelines:
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: Core method development in this research does not involve any LLMs; however,
LLMs have been used for improving writing and grammar.
Guidelines:
* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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