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Abstract

Understanding how tissue organization changes
over time in response to signals from the local
cellular environment is a fundamental challenge
in developmental biology, cancer biology, and
regenerative medicine. Spatial transcriptomics
enables the characterization of cell states within
their native microenvironment. Yet tissue remod-
eling unfolds continuously, while spatial tran-
scriptomics only captures fragments, yielding un-
matched cross-sectional snapshots from a few
time points due to its destructive nature. This
necessitates computational approaches to recon-
struct dynamics from sparse observations. Ex-
isting methods either do not model the temporal
dynamics or ignore cell signaling effects. Exist-
ing methods either recover discrete cell-cell cor-
respondences without modeling dynamics, treat
cells as independent particles ignoring cell-cell
interactions and microenvironmental context, or
consider fixed-size neighborhood effects with-
out supporting temporal modeling beyond two
time points. We introduce ChronoTILE , a multi-
scale, multi-marginal flow matching framework
that jointly models continuous-time spatiotempo-
ral tissue dynamics. ChronoTILE accounts for
cell-cell interactions, and models niche-mediated
signaling effects, across the full course of a bio-
logical process.
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1. Introduction

Throughout development, disease progression, tissue regen-
eration, and homeostasis, cells transit between functional
states shaped by continuous crosstalk with their local tissue
environment. These local tissue environments (or “spatial
niches”!) actively regulate cell state transitions through sig-
naling via secreted ligands or mechanical cues, such that
the same progenitor cell type, for example, may follow dis-
tinct differentiation trajectories depending on which niche it
inhabits (Lee et al., 2025a; Heitz et al., 2025).

Spatial transcriptomics technologies have enabled us to
study these processes by jointly measuring cells’ gene ex-
pression profiles and spatial positions at single-cell resolu-
tion, placing each cell’s transcriptional state directly within
its native tissue context (Stahl et al., 2016; Marx, 2021).
When collected from multiple time points, such snapshots
are a powerful tool for studying tissue remodeling dynamics
(Heitz et al., 2025) They also raise fundamental questions
about how remodeling is coordinated: which cell popula-
tions interact during, and what molecular signals mediate
their communication? How do these interactions drive tran-
scriptional state changes at different stages of the process?
How do niches emerge, reorganize, and instruct neighboring
populations over time?

Yet, the destructive nature of sequencing technologies im-
poses a fundamental limitation: Each slide captures a snap-
shot of a distinct tissue specimen, yielding no direct cor-
respondence between cells across time points. Temporal
observations must therefore be inferred from independent
cross-sectional populations. Compounding this, spatial tran-
scriptomics experiments are expensive and time-intensive,
resulting in datasets with limited sample sizes from a few
and often irregularly spaced time points, and considerable
biological variability across tissue slices (Heitz et al., 2025).
These constraints necessitate computational models capable
of inferring continuous tissue remodeling dynamics from
sparse, unmatched snapshots while accounting for the spa-
tial structure and cell-cell interactions that govern these
processes.

' A niche refers to a spatially localized tissue microenvironment
characterized by a specific composition of cell types and molecular
signals that collectively define its functional identity.
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Existing approaches address parts of this problem but fall
short of a comprehensive solution, as discussed in Section
2. Some recover cell-cell correspondences between discrete
time points without modeling the dynamic process (Klein
et al., 2025), and others model cells as independent particles
without accounting for interactions or microenvironmental
effects (Peng et al., 2026). Although the most recent ap-
proach makes progress towards modeling the microenviron-
ment (Sakalyan et al., 2025), it defines “niches” by a fixed
spatial radius rather than in a data-driven and size-adaptive
manner. It additionally does not model the full temporal
evolution across all available time points, instead generating
tissue profiles only between two fixed time points (Sakalyan
et al., 2025). Importantly, except for stVCR, none of the
others methods can generate a tissue profile at arbitrary, in-
termediate (e.g. held-out) time points; however, stVCR’s
formulation limits its computational scalability. Together,
these leave a gap in generative modeling of multi-marginal
temporal dynamics of tissue architecture changes while tak-
ing into account microenvironment- or niche-level signaling
effects.

To address this, we introduce ChronoTILE , a multi-scale,
multi-marginal flow matching framework for modeling con-
tinuous tissue remodeling dynamics from spatial transcrip-
tomics snapshots. ChronoTILE learns a generative model of
the joint transcriptomic and spatial changes in tissue remod-
eling by parameterizing the velocity field underlying these
changes with a hierarchical Transformer architecture that
captures cell-cell interactions and niche-level effects. Rather
than imposing fixed neighborhood sizes, ChronoTILE dis-
covers spatial niches in a data-driven manner, accommo-
dating the variable compositions and sizes of real tissue
microenvironments that form functional units. By operat-
ing across all available time points together, rather than
solely between pairs, ChronoTILE models the full tempo-
ral evolution of tissue architecture, enabling inference of
how niche-mediated interactions drive cell state transitions
across the course of a biological process.

2. Related Works

2.1. Discrete correspondence methods

Early works sought to establish probabilistic cell-cell corre-
spondences across consecutive time points. moscot (Klein
et al., 2025) computes such correspondences via fused unbal-
anced Gromov-Wasserstein (FUGW) OT, jointly accounting
for transcriptomic similarity and spatial structure through
intra-slice pairwise distances, with cell masses initialized
from proliferation scores. SpaTrack (Shen et al., 2025) uses
a similar FUGW formulation with uniform marginals, while
additionally deriving spatial velocity vectors from the trans-
port plan to organize cells into differentiation trajectories.
While principled and interpretable, these methods produce

discrete transport plans between adjacent time point pairs
and do not learn a generative model of dynamics, precluding
prediction at unseen time points or continuous interpolation
between observations.

2.2. Continuous generative models

More recently, efforts have shifted to go beyond discrete
correspondences to leverage generative models, typically to
learn a continuous model of tissue dynamics. STORIES
(Huizing et al., 2025) uses an FGW gradient flow approach
to learn a Waddington-style potential landscape Jy over
gene expression, with dynamics governed by —V.Jy and
trained using an FGW objective that incorporates spatial
structure. While it yields interpretable pseudotime and ve-
locity outputs, the potential is expression-only, so STORIES
cannot predict future spatial positions and does not model
cell-cell interactions or niche-level effects. Furthermore,
because the dynamics are constrained to descend a scalar
potential, the framework cannot represent cyclical or oscil-
latory cellular processes such as the cell cycle, where cells
return to previously visited transcriptomic states.

stVCR (Peng et al., 2026) extends dynamical OT to jointly
reconstruct continuous differentiation, proliferation, and
physical migration via three coupled neural networks in a
neural ODE framework, and simultaneously learns rigid-
body alignment parameters across time points. However, it
treats each cell’s dynamics independently without modeling
local microenvironment structure, and training via dynami-
cal OT requires solving forward ODE integrations at every
gradient step, which is a computationally intensive proce-
dure that can become numerically unstable when dynamics
are stiff, in contrast to the simulation-free flow matching
objective used in ChronoTILE .

NicheFlow (Sakalyan et al., 2025) is the most closely related
work, modeling generative dynamics of cellular microen-
vironments as point clouds via variational flow matching
with entropic OT. However, it operates only between two
biological time points: it learns to generate the spatial tran-
scriptomic profile of a target tissue slice noise distribution
by transporting it to the target, conditioned on the source
slice at the previous time point. The continuous-time axis
in NicheFlow is the flow matching interpolation parameter,
not biological time, so the model has no notion of the rate
of change of tissue state over real time and cannot gener-
ate profiles at arbitrary biological time points. Furthermore,
niches are defined by fixed-radius neighborhoods rather than
discovered data-adaptively, and each microenvironment is
processed independently with no mechanism for inter-niche
communication.
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2.3. Our contributions

ChronoTILE addresses these complementary limitations
by learning a continuous-time multi-marginal velocity field
jointly over all time points, discovering variable-size niches
in a data-driven manner, and explicitly modeling both cell-
cell interactions through a multi-scale Transformer architec-
ture. Table 1 summarizes the key differences with existing
methods. Notably, ChronoTILE is the first generative model
to produce spatial transcriptomic tissue profiles at arbitrary,
held-out biological time points while explicitly accounting
for microenvironmental effects.ChronoTILE is also trained
via an efficient, simulation-free flow matching objective,
in contrast to methods like stVCR (Peng et al., 2026) that
require computationally expensive forward ODE integration
at every training step.

3. Methods

Given spatial transcriptomic snapshots D! = (X¢, S*) from
time points t € {to,t1,...,tr}, where X! € R™*9 de-
notes gene expression (i.e. “franscriptomic’) measurements
for n, cells and d genes, and St € R™*2 specifies the
corresponding spatial coordinates in 2-dimensional tissue
slice, ChronoTILE aims to learn a generative model of the
continuous-time dynamics underlying cells’ transcriptomic
states and spatial organization. Critically, cells are destroyed
upon measurement, so there is no direct correspondence of
cells across time points in the dataset.

ChronoTILE uses a multi-scale Transformer to parameter-
ize a time-dependent velocity field vy : R™*(?+2) x [0, 1] —
R™*(4+2)  This describes the instantaneous rate of change
of joint cell states (X, S) over continuous time. This multi-
scale Transformer models the hierarchical organization of

tissues, accounting for cell-cell interactions within niches,
then niche-level interactions that may capture longer-range
tissue-level coordination. The overall methodology is pre-
sented in the schematic in Figure 1. Spatial niche assign-
ments are learned from data in a pre-computed stage (Fig-
ure 1A), which involves an encoder-decoder Transformer,
inspired by CellTransformer (Lee et al., 2025a), that en-
codes “neighborhood representations” for each cell. These
“neighborhood representations” are learned through a self-
supervised training procedure that decodes cells’ expression
profiles and then are clustered to assign niches. We de-
scribe this procedure in Section B. We further detail the
Transformer architecture and our design rationale in Section
3.2. To train the velocity field in a computationally efficient
manner, we use a multi-marginal flow matching framework
using the temporally-sparse spatial transcriptomic measure-
ments, as detailed in Section 3.1. At inference, ChronoTILE
generates predicted tissue states at arbitrary time points by
integrating the learned velocity field via an ordinary differ-
ential equation (ODE) solver.

3.1. Multi-marginal flow matching for spatiotemporal
tissue dynamics

3.1.1. BACKGROUND ON CONDITIONAL FLOW
MATCHING (CFM)

Modeling the spatiotemporal evolution of tissues naturally
defines a neural ODE problem: we seek a time-dependent
velocity field vg such that integrating

d(X,S)

-, = UG(Xv S,C,t),

7 (X,8) € R™H2) (1)

forward in time reproduces the observed tissue dynamics,
where ¢ € {1,..., K}" denotes the niche assignments for

Table 1. Comparison of spatiotemporal modeling methods for spatial transcriptomics. Methods considered in our benchmarking
experiments so far are denoted with *. stVCR is not included due to the recency of their code release. NicheFlow has “~” in the
“Generative modeling” row because while it is technically a generative model, it generates spatial transcriptomic profiles from noise
conditioned on the slices from a previous time point, and therefore is not a generative model of temporal dynamics and cannot be used to

generate tissue profiles at arbitrary time points.

*
Q&
. & §
& g @Q) & $ °o°&
& > O S & o
& S S & < C
Generative model X X v v ~ v
Generates full spatial transcriptomics X X X v X v
Multi-marginal (>2 timepoints) X X v v X v
Continuous-time dynamics X X v v X v
Models cell—cell interactions X X X X v v
Data-driven niche discovery X X X X X v
Works with variable-size niches X X X X X v
Models inter-niche communication X X X X X v
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Figure 1. Overview of ChronoTILE . ChronoTILE learns continuous-time generative models of tissue remodeling dynamics from spatial
transcriptomic snapshots at discrete time points, in three steps: (A) Data-driven niche discovery. An encoder-decoder Transformer
learns a local neighborhood representation for each cell by masking its expression profile and reconstructing it via cross-attention over
neighboring cells in a kNN graph (k=30). Neighborhood representations are clustered via k-means. Based on these clusters, cells are
assigned discrete labels, c, after ensuring that unconnected regions of the tissue with the same cluster label are assigned unique labels.
These niche labels c are then passed as input to the velocity field Transformer in (C). More detailed information is in Appendix Section B
(B) Multi-marginal chain sampling. Semi-balanced fused Gromov—Wasserstein (FGW) couplings between consecutive time points yield
multi-marginal chains &€ = {(s;,%;)", (s;, x;)2, (sk, X% )"} used as training trajectories. (C) Multi-scale velocity field and MMFM
training. A multi-scale Transformer parameterizes vy via cell-level self-attention within niches, niche-level self-attention for tissue-scale
coordination, and AdaLayerNorm conditioning on time embedding ¢(t). It is trained under Lavvrm (6), regressing vy onto reference

velocities u3* and u$ derived from spline interpolation through &.

K niches (Section B). Neural ODEs are typically trained
by repeatedly solving forward ODE integrations at every
gradient step, which is computationally expensive and can
become numerically unstable when the dynamics are stiff.
The conditional flow matching (CFM) framework (Lip-
man et al., 2022) sidesteps this by instead regressing vy
onto a closed-form conditional velocity field induced by a
prescribed interpolation between sampled endpoint pairs
(Xo, So), ()(17 Sl)I

Lorm(8) = Epl[vg(Xe. S, c.t) — ui(Xe. Sy | Xo, So. X1, S1)|[2

)
where P denotes the joint distribution over ¢t ~ 4/(0,1),
(Xo,SO,Xl,Sl) ~ T, and (Xt,St) ~ pt(' |
Xo,S0,X1,S1); and 7 is a coupling over pairs from con-
secutive time points, either from independent marginal sam-
pling (Lipman et al., 2022) or a structured coupling, such as
from optimal transport (Tong et al., 2023).

3.1.2. BACKGROUND ON MULTI-MARGINAL FLOW
MATCHING (MMFM)

The CFM objective in Eq. (2), however, is defined only
between two time points. In many studies investigating spa-
tiotemporal changes of tissues across biological processes
(Chen et al., 2022; Wei et al., 2022; Cadinu et al., 2024),

including the axolotl telencephalon regeneration process we
study, datasets span 7'+1 time points. Therefore, we instead
adopt the multi-marginal flow matching (MMFM) frame-
work (Lee et al., 2025b) and generalize CFM by condition-
ing on a full chain of cells & = {(x{°,s°),..., (x;7,s;")}
sampled across all time points:

Lavrm(0) = Egl|ve(Xe, St e, (t)) — ug(Xe, Sy | €)H; 3)

where Q denotes the joint distribution over €& ~ ¢(&),
t ~U[0,1], and (X¢,St) ~ pe(X, S | €). Here, ¢(€) is the
distribution over multi-marginal chains obtained via semi-
balanced fused Gromov-Wasserstein (FGW) optimal trans-
port couplings (Section 3.1.4); p:(X, S | £) is a conditional
path through the chain; u:(X¢, S | €) is the corresponding
analytic reference velocity; and ¢(t) is a sinusoidal time
embedding.

3.1.3. OUR MMFM FORMULATION FOR SPATIAL
TRANSCRIPTOMICS

Since X; € R™*? and S; € R™*? live in spaces of vastly
different dimensionality and dynamic range, the squared
norm in Eq. (3) is dominated by the transcriptomic term. To
balance the two modalities without introducing additional
tunable hyperparameters, we normalize each term by its
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expected squared magnitude under the reference velocity,
estimated once from the data prior to training:

Lanarn(0) = Bo | 5 [ (X Suses0(0) — (X, | )
X

+%Hv§<xt,st,c, o(t) —uS (S, | &)
@)

where vg( and ves are the transcriptomic and spatial output
heads of vy respectively, uX and u$ are the correspond-
ing modality-specific reference velocities derived from
coordinate-wise spline interpolation (Section 3.1.4), and

ox =Bo[luil3], o0& =Eo[lll3]

are fixed normalizing constants computed over a large sam-
ple of chains and uniformly drawn ¢ ~ U/[0, 1] before train-
ing begins. By construction, each term in Eq. (4) has ex-
pected value % at initialization, ensuring that transcriptomic
and spatial supervision contribute equally to the total loss
throughout training. We next describe the construction of
conditional paths and reference velocities (Section 3.1.4).

3.1.4. DEFINING CONDITIONAL PROBABILITY PATHS
VIA SPLINE INTERPOLATION

We construct conditional probability paths p;(X, S | €) by
first sampling multi-marginal chains £ of cells across all
time points via sequential composition of semi-balanced
FGW couplings, then fitting a monotone cubic Hermite
spline (PCHIP) through the chain knots to define smooth
mean paths pé((t) and u,g(t) for the transcriptomic and
spatial modalities respectively. To encourage learning of
smooth interpolating velocities rather than memorization of
exact trajectories, we place a modality-specific time-varying
variance 72, (t, &) around each spline mean, yielding block-
factorized Gaussian conditional paths with separate noise
models for transcriptomic and spatial coordinates. The ana-
lytic reference velocities uX and v used in Eq. (4) are then
derived in closed form from the spline derivatives and the
variance schedule, without any ODE integration at training
time. We describe each of these components in detail below:

Fused Gromov-Wasserstein OT couplings. For a given
pair of consecutive time points ¢; and ¢, we compute the
semi-balanced FGW coupling between cells as:

Ny Mgy
P*(t1,t2) = argggir& az Z C7 Pij
= i1 =1
Ny Mg
+(1-a) Z Z Clkji Pij P
ik=1j,1=1

+eKL(P|la®b) + AKL(P1]/a) (6)

where the transcriptomic and spatial cost matrices are each
normalized by their respective medians prior to optimiza-

tion:

(E—] Hz
j

llx;

s _ D3 —D3 112
mediani,]Hx:l —xzzHr"7 ikjl median; k. ;1 [|Df), — D3, [I?

(N
with xfl € R? denoting the gene expression profile of cell i
at time ¢1, and D%, = ||si* — s} ||? the squared Euclidean
distance between the spatial coordinates of cells ¢ and k
at time ¢1. Without this normalization, the transcriptomic
cost, being a sum over d gene dimensions, exceeds the
spatial cost in magnitude, rendering « ineffective as an
interpolation weight. Median normalization ensures o €
[0, 1] meaningfully controls the trade-off between the two
terms. The hyperparameter o therefore interpolates the
transcriptomic similarity term (first line) against the spatial
structural alignment term (second line), which compares
intra-time-point pairwise distances D® rather than absolute
coordinates, and therefore does not require spatial alignment
across time points.

Ax
Cx =

The vectors a € R™1 and b € R™ are the prescribed
mass distributions over cells at ¢; and 5, respectively; b is
uniform, while a is set proportionally to gene-expression-
derived cell proliferation scores computed via scanpy’s
score_genes function on a curated set of cell-cycle
marker genes, so that cells with higher estimated prolif-
eration rates contribute more outgoing mass. The entropic
regularization term e KL(P||a®b) enables efficient compu-
tation and encourages soft many-to-many matchings, while
the semi-balanced term A KL(P1||a) allows deviation from
the growth prior when it is uncertain.

Sampling multi-marginal chain of cells for training.
Based on these couplings, we sample multi-marginal train-
ing chains following the rolling window strategy of (Lee
et al., 2025¢). For consecutive time points ¢1, to, t3, we first
sample a source cell ¢ at t; proportionally to its outgoing
mass a; = ), P;(t1,t2), then sample its matched cell j at
to from the row-normalized conditional:

m12(J | Z) = —P;';(tl’b)
2 Pty ta)

t1 t1 to
(x;',sit

ta
S5 ) ~ T12,

Given j, we sample its successor cell k£ at t3 from the next
coupling:

P* (t27t3)
Eli) = dk\= )
mag(k | 7) S P]T*k,(tz,t:a)

Extending this procedure sequentially across all T + 1
time points yields the full multi-marginal chain § =
{(xko,slo), (x?l,s;l), -+, (X}, si7)}, consistent with the
definition of £ in Eq. (3).

(X?»S?) ~maz( -] J),

with
chain

conditional
Given a

Defining
splines.

probability  paths
sampled multi-marginal
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¢ = {(xl°,slo),...,(x}7,s{")}, we define smooth
conditional probability paths p;(X,S | &) as Gaus-
sian paths centered on a spline mean and perturbed
by a time-varying variance. Since X; and S; live in
spaces of incompatible geometry and scale, we define a
block-factorized conditional path:

pe(X,S€) =p(X [ &) pP(S]8), 8)

where each block is an isotropic Gaussian:

PEX| &) =N (X: pk ), ZEOT), O
RS 16 =N (S p§®). BtOT). (0

This factorization defines separate noise models per modal-
ity and does not impose biological independence: both
blocks are conditioned on the same multi-marginal chain &
and share the same biological time ¢, and the neural velocity
field vy remains joint so that transcriptomic velocity can
depend on spatial context and vice versa.

Spline mean paths. The mean paths ui(t) and ug(t)
are obtained by fitting a monotone cubic Hermite spline
(PCHIP; Fritsch & Carlson 1980) through the chain knots
{(x", tx)}E_, and {(s'*,t,)}}_,, respectively, using all
T + 1 time points simultaneously. Because the spline is
fitted coordinate-wise, fitting the two modalities jointly on
the concatenated state or separately is equivalent; we use
a single PCHIP fit over the full chain and read off the tran-
scriptomic and spatial components of the derivative. The
PCHIP construction assigns tangents at interior knots via
the Fritsch-Carlson weighted harmonic mean of the neigh-
boring secant slopes, and applies a one-sided three-point
formula at the endpoints. This guarantees C' continuity
and shape preservation: interpolated states remain within
the convex hull of neighboring observations and the spline
never overshoots, which is important for biologically plausi-
ble reference paths. Unlike the natural cubic splines used in
(Lee et al., 2025b), PCHIP does not minimize global bend-
ing energy and therefore allows the acceleration to jump at
knot points, which is appropriate for biological systems that
can undergo transcriptional bursts or rapid spatial reorgani-
zation.

Modality-specific adaptive variance. The path variance
72 (t, &) for each modality m € {X, S} is chosen to vanish
at the observed knot times and peak between them, follow-

ing the piece-wise schedule:

2 o (t—te)? (tes1 — 1)
72 (t, &) = M2, , t € [tr, thsi],
( E) (tk+1 _ tk)Q [ k k+1]
(11)

where t; and t;,; are the knot times bracketing ¢, and
M, > 0 is a modality-specific scale hyperparameter. This

schedule is structurally equivalent to the time-dependent

variance used in (Lee et al., 2025b) and vanishes exactly
at every observed knot, so that sampling (X¢, S;) ~ p:(- |
&) at a knot time recovers the observed cell state. The
noise added between knots encourages the model to learn a
smooth interpolating velocity rather than memorizing exact
trajectories, and provides the signal-sharing benefit across
time points identified in (Lee et al., 2025b).

Analytic reference velocities. For an isotropic Gaussian
path with time-varying variance, the analytic conditional
reference velocity for modality m is (Lipman et al., 2022):

T (t,€)
Tm (8, &)

where 1§ (t) is the PCHIP spline derivative (available in
closed form as p/(s) = 3as? + 2bs + c for the local poly-
nomial coefficients) and 7, (¢, £) is the time derivative of
Eq. (11):

u' (Y, | €) = i, (t) +

(Yo -u&0), a2)

(t — tr) (tosr — ) (tk + trpr — 20)

(t—t)% (tpy1—1)>
(th1 = tr)*\ o i —

with ¢t € (tk, tk+1).

Tm(tf) = Mm :

9

(13)
The second term in Eq. (12) is a score-like correction that
pulls the sampled noisy state Y; back toward the spline
mean as t approaches a knot. This reference velocity is
evaluated at training time without any ODE integration.

3.2. Multi-scale transformers

We parameterize the velocity field vy with a multi-scale
Transformer that mirrors the multi-scale organization of tis-
sues: cells are embedded within niches, and niches are spa-
tially arranged across the tissue. Rather than applying global
self-attention over all cells, which would scale quadratically
with n and ignore biological structure, we decompose the
computation into three successive stages that process in-
formation at the cell (“Stage A”), niche (“Stage B”), and
tissue (“Stage C”) levels respectively, as detailed below and
visualized in Figure 7. The network is conditioned on flow
time ¢ via Adaptive Layer Normalization (AdaLN) in Stage
A.

Cell-level transformer block: self-attention within niches
(Stage A). Each cell’s input token is formed by con-
catenating two modality-specific projections: its h highly
variable gene expression features are projected into a dx-
dimensional subspace, and its 2D spatial coordinates are pro-
jected into a dg-dimensional subspace via separate learned
linear layers, with dx + ds = d. The two projections
are concatenated to form a d-dimensional input token that
preserves modality identity throughout the network, which
is necessary for decoding modality-specific velocity pre-
dictions at the output. Spatial coordinates additionally en-
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ter the attention computation via Rotary Position Embed-
dings (RoPE) (Su et al., 2024), which encode relative spatial
relationships by rotating query and key vectors, injecting
translation-equivariant spatial context into the attention ge-
ometry without modifying the token features directly. Cells
are grouped by their niche assignment c, and multi-head self-
attention is applied independently within each niche group
using a block-diagonal attention mask, so cells in different
niches do not interact at this stage. This captures cell—cell
interactions and co-expression patterns within the local mi-
croenvironment. The restriction to within-niche attention is
motivated by computational efficiency and is biologically
justified, as most cell—cell interactions occur locally through
secreted ligands or mechanical cues. Longer-range effects,
such as morphogen gradients or boundary signals between
adjacent niches, are instead captured by Stage C.

Each Stage A block follows the adalLN-Zero design of Li
et al. (2022). The flow time ¢ is encoded as a d-dimensional
sinusoidal embedding ¢(t), concatenated with the niche
representation epiche € R? of the cell’s assigned niche,
and passed through a fusion MLP to produce a condi-
tioning vector ¢ = MLP(¢(t) @ epnicne) € R?. A zero-
initialized linear projection of c predicts six parameter vec-
tors (71, 81, @1, Y2, B2, a2) that modulate the pre-attention
LayerNorm, self-attention residual gate, pre-MLP Layer-
Norm, and MLP residual gate via scale, shift, and gating
respectively. The zero initialization ensures each Stage A
block acts as an identity function at the start of training,
providing stability while the niche representations are still
uninformative. The conditioning is per-cell: each cell looks
up the representation of its own assigned niche, so cells
within the same niche share niche-level context while re-
taining individual cell-level representations. The per-cell
velocity outputs v¢ and ’UGS are read from the final Stage A
block via the output head described below, retaining cell-
level resolution while having been informed by niche- and
tissue-level context injected through adaLLN conditioning in
earlier rounds.

Attention pooling from cells to niche tokens (Stage B).
After Stage A, a single learnable query vector performs
cross-attention over the cell tokens within each niche, with
a padding mask to handle variable niche sizes, producing
a d-dimensional niche embedding ey;c,e for each niche.
This compresses the distributed cell-level representations
into a compact summary of each niche’s current state. The
niche embeddings are normalized via plain LayerNorm and
passed forward into Stage C. The updated niche representa-
tions returned from Stage C are subsequently fed back into
Stage A’s adaLLN conditioning in the next round, enabling it-
erative refinement of cell representations with progressively
more informed niche context.

Niche-level transformer block: self-attention across all
niches (Stage C). The niche tokens attend to one an-
other via multi-head self-attention with 2D RoPE applied to
niche centroids, encoding the relative spatial arrangement
of niches across a tissue slide. Stage C blocks use plain
LayerNorm rather than AdalLN, as temporal information
enters niche representations implicitly through the cell rep-
resentations from which they were pooled in Stage B. A
subsequent MLP produces updated niche representations
that are designed to capture longer-range tissue-level coor-
dination, such as signaling gradients or boundary effects
between adjacent niche types. Each cell then performs a
per-cell lookup of its assigned niche’s updated representa-
tion, which is fused with the sinusoidal time embedding and
used to condition the next round of Stage A via the AdaLN
transformation layer.

Output head. Per-cell velocity vectors are produced from
the final Stage A block’s cell token representations by a two-
layer MLP, yielding the joint velocity vg(X¢, S¢, ¢, ¢(t)) €
R™*(dx+ds) wwhose transcriptomic (v € R"*x) and spa-
tial (ves € R™*4s) components are supervised separately
by the modality-balanced MMFM loss (Eq. (4)). No addi-
tional normalization is applied in the output head, as the
cell representations entering it are already normalized and
rescaled by the AdaLLN inside the final Stage A block. At
inference, an ODE solver integrates the predicted velocity
field to obtain spatiotemporal profile predictions at unseen
intermediate time points.

4. Results

We model the continuous-time spatiotemporal dynamics of
axolotl telencephalon regeneration using the spatial tran-
scriptomics dataset generated by Wei et al. (2022). This
dataset was collected using Stereo-seq (spatial enhanced
resolution omics sequencing) at single-cell resolution, span-
ning seven time points (2, 5, 10, 15, 20, 30, and 60 DPI;
days post-injury) following surgical injury to the dorsal pal-
lium of the left telencephalic hemisphere of adult axolotls
(Ambystoma mexicanum). With this dataset, we first evalu-
ate the fidelity of learned tissue dynamics by ChronoTILE
and then interpret the interactions captured by the learned
velocity field to investigate what they reveal about the telen-
cephalon regeneration process.

4.1. Benchmarking Dynamics Modeling Performance

We benchmark ChronoTILE against three existing methods,
namely moscot (Klein et al., 2025), STORIES (Huizing
et al., 2025), and NicheFlow (Sakalyan et al., 2025), on how
well they generate tissue profiles at different time points as
a proxy for the quality of their learned dynamics, using two
categories of evaluation metrics: gene expression fidelity,
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and spatial architecture fidelity (detailed in Appendix D).
We exclude stVCR (Peng et al., 2026) due to the recency of
their functional code release but plan to include it in future
experiments. Given that none of the baselines are designed
to generate full spatial transcriptomic profiles at arbitrary
time points, we evaluate each method in its most natural
operational mode under two scenarios:

1. Interpolation of observed time points: All methods
are trained on the full dataset and evaluated on their
ability to reconstruct tissue profiles at two of the time
points seen during training (10 and 30 DPI).

2. Generalization to held-out time points: Each method
is assessed for their ability to generate tissue profiles
at a time point withheld entirely from training (10 and
30 DPI, held out separately).

ChronoTILE integrates its trained velocity field forward
from the first observed time point (2 DPI) via an ODE solver
to generate tissue profiles at the target time point. The only
difference between the two scenarios is whether the target
time point’s ground-truth profile was seen during training.

STORIES generates gene expression profiles at the target
time point by applying its learned potential function sequen-
tially from 2 DPI via forward Euler steps. As STORIES
generates gene expression data only, we exclude it from
spatial fidelity benchmarking.

NicheFlow trains a single generative model conditioned on
source and target slide labels across all pairs of adjacent time
points. In both evaluation scenarios, we generate profiles at
the target time point by autoregressively chaining pairwise
flows from 2 DPI, feeding each step’s generated output

Observed Profile
(Ground-Truth)

10 DPI

30 DPI

as the source for the next. In the interpolation scenario,
the model is trained on all adjacent pairs. In the held-out
scenario, the model is retrained excluding pairs involving the
held-out time point (e.g., for 10 DPI held out, this leaves the
training pairs of 2—5, 15—20, 20—30, and 30— 60 DPI),
and the autoregressive chain proceeds from 2 DPI to the
target using the dynamics learned from the remaining pairs.
As NicheFlow’s flow matching interpolation parameter is
an internal denoising variable rather than biological time,
it cannot represent the rate of biological change and is not
expected to account for differences in temporal gap length
between steps, which is an inherent limitation of the method
here.

Lastly, we adapt moscot differently across the two scenarios
as it is not a generative model. It, however, does provide
functions to leverage its coupling matrices to project spatial
transcriptomic data from one time point to another seen
time point. In the interpolation scenario, we compose the
FGW coupling matrices moscot produces for adjacent time
points viaits cell_transition () function. With this,
we obtain a push-forward distribution over observed cells
at the target time point, starting from 2 DPI. In the held-out
scenario, cell_transition () is inapplicable as it re-
quires a solved OT coupling involving the target time point’s
cells. In this case, we instead use moscot to compute an
FGW coupling between the two observed slices bracketing
the held-out target (5 and 15 DPI for the 10 DPI target; 20
and 60 DPI for the 30 DPI target) and interpolate between
them at weight A\ = Atpre / (At pre+ Atpost ), Where Aty and
Atpos are the temporal gaps from the held-out time point to
its preceding and following observed slices, respectively.

Figure 3 displays the results, where each neural model

Reconstructed Profile (Interpol.) Reconstructed Profile (Held-out)
(Eval. Scenario 1)

(Eval. Scenario 2)

Cell Type

® Exc-Nptx+

® Exc-MP
Exc-DP

® MedSpinyN
CMPN
IN-Sst+
IN-Npy+
IN-Cck+
IN-Scgn+
IN-MP
EGC-Wnt+

® EGC-Sfrp+

® EGC-reactive

® ImmatureN
tINBL

@ OobNBL
Oligo
VLMC

® Microglia
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Figure 2. Visualization of tissue profiles generated by ChronoTILE under both evaluation scenarios, compared to the observed
(ground-truth) profiles at 10 DPI and 30 DPI. In both scenarios, the trained model is integrated forward in time, starting from 2 DPI to
generate profiles at 10 DPI and 30 DPI. In the first scenario, training data contained observed profiles from 10 DPI and 30 DPI, while in
the second scenario, these were held out. Cell type abbreviations are described in the caption of Figure 5.
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Figure 3. Benchmarking ChronoTILE against existing methods using gene expression and spatial coordinate reconstruction error
metrics. A. Evaluation on gene expression reconstruction, as measured by Wasserstein (W) distance and maximum mean discrepacy
(MMD), both of which measure reconstruction error, and therefore, lower values are better. The left axis gives the W5 distance, while
the right axis gives the MMD values. B. Evaluation on spatial coordinate reconstruction, as measured by point-to-shape (PSD) and
shape-to-point distances (SPD), as described in Appendix Section D. PSD asks whether each generated point lies near the true tissue
(akin to a measure of precision); SPD asks whether each ground-truth point is covered by a generated point (akin to measure of recall).
Each neural method is benchmarked across four runs with different random seeds. Moscot is run only once and the W5 values are shown
by the horizontal line while the MMD values are shown with the diamond marker.

(ChronoTILE , STORIES, and NicheFlow) is run with four
different random seeds upon hyperparameter tuning. As
moscot’s entropic FGW solver is deterministic given fixed
inputs,? we report benchmarking results based only on a
single run.

Among the neural methods, ChronoTILE achieves the
strongest overall performance across the evaluation sce-
narios. While we observe that reconstruction errors gener-
ally increase at later target time points, consistent with the
greater difficulty of predicting over longer temporal hori-
zons, the increase is substantially milder for ChronoTILE
than for STORIES or NicheFlow. This highlights the advan-
tage of ChronoTILE’s multi-marginal formulation, which
leverages cells from all observed training time points jointly
to learn a single continuous-time model of the dynamics.
NicheFlow performs particularly poorly in the held-out set-
ting, where the task requires generating profiles at biological
time points that were not observed during training. This
is consistent with a limitation of NicheFlow for learning
temporal dynamics: its flow-matching time corresponds to
an internal denoising process in interpolating between pairs
of profiles rather than biological time, making it less suit-
able for modeling temporal dynamics beyond interpolating
between two time points.

An exception to these trends is moscot, reflecting the distinct
evaluation setting we use due to its non-generative mode
of operation. In the interpolation setting, moscot performs
strongly because unlike the neural methods which learn pa-
rameterized dynamics across all observed profiles, it instead
composes couplings to obtain a push-forward distribution
at the target time point, over cells that it already uses to

The Sinkhorn scaling vectors are initialized uniformly by de-
fault in the ot t —jax package used by moscot, yielding a unique
solution for fixed regularization parameters. We do not modify this
default initialization.

solve the final coupling specific to this time point. Thus, its
reconstruction is directly supported by couplings involving
the ground-truth profile it is asked to recover. Although
this makes the benchmarking less directly comparable, it
remains an informative correspondence-based baseline for
the neural models. In the held-out setting, however, this
advantage disappears because no coupling involving the tar-
get slice can be computed. Moscot instead reconstructs the
missing profile by interpolating between the two observed
slices that bracket the held-out time point. Interestingly,
although the 30 DPI target is separated from its bracket-
ing slices by a larger temporal gap than the 10 DPI target,
the 20 and 60 DPI profiles appear more similar to the 30
DPI profile than the 5 and 15 DPI profiles are to the 10
DPI profile (Figure 5), likely explaining moscot’s compar-
atively better performance at 30 DPI than 10 DPI in the
held-out scenario. Nevertheless, its overall weaker held-out
performance indicates that interpolating between observed
profiles is insufficient for reconstructing unseen intermedi-
ate tissue states, highlighting the need for generative models
of continuous biological dynamics.

Together, these results suggest that ChronoTILE’s
continuous-time, multi-marginal formulation provides a
valuable framework for reconstructing both observed and
unseen stages of tissue remodeling than existing generative
models or discrete OT-based interpolation.

4.2. Interpreting Cell-Cell Interaction Drivers

After benchmarking ChronoTILE’s generative performance,
we then interpret the Transformer model that parameterizes
the velocity field using integrated gradients (Sundararajan
et al., 2017) for the cell interaction drivers it captures. As
a reference baseline, we use the “control” profile from the
original dataset, which reflects the state of the telencephalon
before any injury-inducing intervention (Figure 5C).
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Figure 4. Learned interactions between cell types within a shared niche across three time points. Dot plot showing normalized
absolute integrated gradient attribution scores for interactions between select “source” cell types (rows) and “target” cell types (columns)
at 5, 15, and 30 days post-injury (DPI). Dot size and color reflect the magnitude of the attribution score, indicating the degree to
which the presence of a given source cell type in the local niche influences the predicted velocity of the target cell type. Dot size and
color reflect the normalized absolute integrated gradient attribution score, quantifying the contribution of the source cell type’s input
token to the velocity predictions of target cell type within the same niche. These are computed on a cell-pair-level, and then averaged
across cell types for visualization. Red dashed border indicates interactions known to be injury-associated (involving wound-stimulated
neurons, WSN; microglia; and reactive ependymoglial, EGC-react), while the green dashed borders indicate interactions known to be
differentiation/regeneration-associated (involving regeneration intermediate progenitor cells, rI[PCs; immature neurons, ImmatureN;
telencephalon neuroblasts, tINBL; their interactions with mature neurons such as dorsal pallium excitatory neuron, Exc-DP and medial
pallium excitatory neuron, Exc-MP), excluding cell-type-level self-interactions.

Figure 4 summarizes normalized absolute integrated-
gradient attributions, averaged at the cell-type level, to iden-
tify which cell types most influence velocity predictions
within shared niches. Across regeneration, the learned attri-
butions shift from wound-associated interactions at 5 DPI
toward cell differentiation-associated interactions at 15 and
30 DPI, involving progenitor, immature neuronal, neurob-
last, and mature excitatory neuronal populations. These
results suggest that ChronoTILE likely captures biologically
meaningful temporal changes in local cell-cell dependen-
cies during tissue remodeling, while providing model-based
attributions rather than causal interaction estimates.

5. Discussion

ChronoTILE introduces a multi-scale, multi-marginal flow
matching framework for jointly modeling continuous-time
transcriptomic and spatial dynamics from unmatched spatial
transcriptomic snapshots, while accounting for cell—cell in-
teractions and niche-mediated signaling across all observed
time points. Applied to axolotl telencephalon regeneration,
ChronoTILE outperforms existing generative models in
both interpolation and held-out generalization settings. Inte-
grated gradients analysis of the learned velocity field further
recovers cell-cell interactions driving tissue remodeling dy-
namics.
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Several directions remain open. The current interpretabil-
ity analysis focuses on cell-type-level interactions within
niches; extending attribution methods to tissue-wide effects
would enable the study of longer-range tissue coordination,
which could possibly enable studying signaling gradients
between adjacent niche types. A complementary direction is
to disentangle the drivers behind gene expression and spatial
migration components of the learned velocity field. Adding
uncertainty quantification to integrated-gradient scores, for
example through bootstrap resampling or permutation tests,
would help distinguish statistically significant signals. In
addition, the current framework assumes a roughly stable
cell population size. Our ongoing work is extending it to
accommodate large-scale tissue growth for applications to
developmental settings substantial temporal change in num-
ber of cells.

ChronoTILE is currently designed and evaluated for interpo-
lation between observed time points. Extrapolation beyond
the last observation remains an important but harder prob-
lem, requiring generalization outside the training distribu-
tion. Another promising direction is perturbation prediction:
by conditioning the velocity field on ligand knockdown or
cell-type ablation signals, ChronoTILE could help identify
signaling pathways whose disruption may steer pathological
tissues toward regenerative outcomes, connecting generative
tissue modeling to rational therapeutic design.
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Impact Statement

This paper presents work that advances generative modeling
methodology for spatial transcriptomics, with application to
understanding tissue remodeling dynamics in a non-human
model organism. We anticipate that such tools that model
continuous-time tissue dynamics could accelerate basic bi-
ological research into development, regeneration, and dis-
ease, while reducing experimental burden by enabling richer
inference from existing limited data. We do not foresee im-
mediate societal risks from the use or distribution of this
model. However, should the framework be applied to human
tissue data in the future, standard data governance practices,
including patient consent, data anonymization, and institu-
tional review, would apply to both the use of the model and
the distribution of any trained checkpoints.
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Figure 5. Visualization of data before and after preprocessing. A. We visualize the original data by plotting the spatial coordinates of
cells from each slice and coloring cells based on cell-type identity. The original dataset contains tissue slices with cells that are dissociated
from the slice and are located in “outlier” spatial locations, especially clearly visible in the 10DPI, 15DPI and 20DPI slices (DPI: Days
Post-Injury). B. We manually remove cells with “outlier” spatial coordinates based on visual judgment and work with the displayed
pre-processed data. C. Visualizing the “control” slice, used to define a reference for the integrated gradients analysis. This control slice is
profiled by using the same region in a healthy axolotl telencephalon without any intervention or injury.Cell type legend: “Exc”: excitatory
neurons, “MP”: medial pallium region, “DP”: dorsal pallium region, “MedSpinyN”": medium spiny neurons, “CMPN": cholinergic,
monoaminergic, and peptidergic neuron, “WoundSimN”: wound-stimulated neuron, “IN”: inhibitory neurons, “EGC”: ependymoglial
cells, “rIPC”: regeneration intermediate progenitor cells, “ImmatureN”: immature neurons, “tINBL”: telencephalon neuroblasts, “obNBL":
olfactory bulb neuroblasts, “VLMC”: vascular leptomeningeal cells, “CP”: choroid plexus, “Oligo”: oligodendrocytes.
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B. Data-Driven Niche Discovery with an Encoder-Decoder Transformer
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Figure 6. Architecture diagram for the encoder-decoder Transformer used for computing niche assignments in ChronoTILE . A.
Encoder and neighborhood representation learning. For each reference cell ¢, we extract its spatial k-nearest-neighbor neighborhood
N (i) with a default of ¥ = 30 used in this study, mask the reference cell in the input, and encode only the log-normalized gene expression
profiles of the observed neighboring cells. The neighborhood expression matrix with d genes is linearly projected into hidden cell tokens
H© . The architecture is based on CellTransformer (Lee et al., 2025a); however, we do not use register tokens and do not include cell-type
embeddings in the encoder. The encoder applies L.-many Transformer layers (default of 4 is used here) with self-attention among cells
in the neighborhood graph. A learned attention-pooling operation then aggregates the encoded neighboring-cell tokens into a single
neighborhood representation token z;.B. Decoder used for self-supervised encoder training. The decoder is only used for training the

encoder. It receives the neighborhood representation token z; and a cell-type-specific mask token mz(.o) = E?;;e [ki], where x; denotes the

cell type of the masked reference cell. These two tokens are concatenated into the decoder input sequence. A shallow decoder Transformer
performs self-attention between the neighborhood token and the cell-type mask token, and an output MLP maps the final mask-token
representation to Gaussian reconstruction parameters [, £;], with o7 = softplus(£;) +¢. The model is trained to reconstruct the masked
log-normalized expression profile using a Gaussian negative log-likelihood loss, Lo-n11(0) = _\Tlﬂ Y ienlogN (xi; J7 diag(a‘?)) ,

where o2 = softplus(£;) + ¢, and x; € R? is the masked log-normalized expression profile of the reference cell. C. Post-training niche
assignment. After training, the decoder is discarded and the encoder plus attention-pooling module is run in inference mode to compute
neighborhood representation tokens z; for all cells. These representations are clustered with k-means to obtain global initial niche labels
¢, where the number of clusters k is determined through the elbow method. We then refine these labels using spatial connectivity based on
the cell neighborhood graph, assigning disconnected tissue regions with the same initial cluster label to distinct final niche labels c. The
resulting niche assignments are passed to the multi-scale velocity-field Transformer in Figure 7.
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C. Multi-Scale Transformer Architecture for the Velocity Field
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Figure 7. Architecture diagram for the multi-scale Transformer parameterizing the velocity field in ChronoTILE . The network
parameterizes the time-dependent velocity field vg(X¢, S¢, C, ¢(t)), which predicts the instantaneous transcriptomic and spatial velocities
of all cells at flow time ¢. The inputs are the gene-expression matrix X, € R™*%, spatial coordinate matrix S; € R™*2, refined niche
assignments C € {1, ..., K}", and a sinusoidal embedding ¢(t) of biological flow time, with experimental time normalized to [0, 1].
Gene expression and spatial coordinates are separately projected into hidden representations ZX € R™*% and Z5 € R™*s, which are
concatenated to form cell tokens Z. = [ZX||Z5] € R"*, where dj, = d. + ds. Stage A: cell-level Transformer block. Stage A
performs multi-head self-attention among cells within each niche, using the niche assignments C to define a block-diagonal attention
structure. Thus, cells exchange information with other cells assigned to the same niche, capturing local cell—cell interactions and
co-expression structure while avoiding global all-to-all attention. The Stage A block is conditioned on flow time and niche context through
AdaLayerNorm: the sinusoidal time embedding ¢(t) and the updated representation of each cell’s assigned niche are used to modulate
the cell-level Transformer computation. This allows cell-state updates to depend jointly on biological time and the current niche-level
context. Stage B: attention pooling from cells to niches. Stage B aggregates cell-level representations into niche-level tokens. For
each niche k, a learned query vector computes attention weights over the Stage A cell tokens assigned to that niche, producing a niche
representation (Zy ). This operation compresses the variable number of cells in each niche into a fixed-dimensional token summarizing
that niche’s current transcriptomic and spatial state. Stage C: niche-level Transformer block. Stage C performs multi-head self-attention
across all niche tokens, allowing communication between niches and capturing tissue-scale coordination, such as longer-range signaling
gradients or boundary effects between neighboring microenvironments. The updated niche representations Y2 are fed back into the
AdalLayerNorm conditioning of Stage A in the next repeat, so that subsequent cell-level updates are informed by progressively refined
niche-level context. The Stage A—B—C module is repeated n;cpeat times, followed by one final Stage A pass to produce cell-level output
representations. A final output MLP maps these representations to the joint velocity field in R™* (@+2) which is split into transcriptomic
velocity vt € R™*? and spatial velocity vi; € R™*2. These velocity components are trained with the modality-balanced multi-marginal
flow matching objective, which regresses the predicted velocities onto analytic reference velocities derived from spline-based interpolation
through multi-marginal chains of cells.

D. Evaluation Metrics

Our goal requires capturing dynamics of both gene expression changes and the spatial architecture. As such, our evaluation
metrics aim to cover two main areas: (1) fidelity of gene expression profile reconstruction, and (2) fidelity of spatial
architecture prediction. We evaluate our model by holding out slices from 10 DPI (DPI: days post-injury) and 30 DPI, one
at a time, training on the remaining time points, and generating tissue at ¢; by integrating the learned velocity field from
the first observed time point: 2DPI. We then compare the generated tissue against the held-out real slice using the metrics
described below. For each metric, we indicate in parentheses whether lower () or higher (1) values are better, along with
the range of possible values.
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Notation Let D;, = (X, S¢, ) denote the real (held-out) slide with n cells, and D, N = (Xt s gfk) denote the generated
slide with m cells, where X € R™ 9 and X € R™*9 are gene expression matrices and S € R"*¢ and S € R™*4 are
spatial coordinate matrices. We denote the i-th row of X and S by x; € RY and s; € R, respectively, and similarly %; and
S; for the generated slide. Since the measurement process is destructive, there is no cell-level correspondence between Dy,
and D, ..; all metrics below compare distributions rather than paired cells.

D.1. Gene Expression Reconstruction Fidelity

These metrics evaluate whether the generated tissue contains the correct distribution of gene expression profiles, irrespective
of where those profiles are located in space.

» Wasserstein-2 (172) Distance (|, [0, 00)). Measures the minimum “cost” of transporting the generated expression
distribution onto the real expression distribution, providing a geometrically meaningful comparison that accounts for
the metric structure of gene expression space.

Given empirical gene expression distributions over n real cells and m generated cells, we first compute a joint PCA on
the concatenated expression matrices [X¢, ; th] € R("+m)*9 and retain the top P principal components (P = 50),
yielding projected representations z;,%; € R for real and generated cells, respectively. This avoids the curse of
dimensionality in the full g-dimensional gene space, where Euclidean distances lose discriminative power. The discrete
2-Wasserstein distance is then:

Wi (Do Do) = min > > T llz =23, (14)
=1 j=1

where T € R™*™ is a transport plan with row sums a = (+ L

PR RS

)T and column sums b = (L, ..., 1)T,

* Maximum Mean Discrepancy (MMD) (|, [0, c0)). Measures whether the overall distribution of gene expression
profiles in the generated tissue matches that of the real tissue, using a kernel-based comparison that captures differences
in all moments of the distributions.

Given two sets of PCA-projected gene expression profiles {z;}}_; from the real slide and {Z; };":1 from the generated
slide (using the same top-50 PCA projection as W, above), MMD is defined as:

n n

MMD?(D;, , D,,) = % SN bz, z0) — % SO k(z, 75) + % SN k(25,250 (15)

i=14'=1 i=1 j=1 j=1j'=1

where k(- -) is a Gaussian RBF kernel k(z,2z’) = exp (—||z — 2'[|*/20?). The bandwidth o is set via the median
heuristic: we compute all pairwise Euclidean distances between points in the pooled set {z1,...,2,} U{Z1,...,2Zn}
and set o to the median of these distances, ensuring the kernel operates at a scale commensurate with the data. An
MMD? of zero indicates that the two distributions are identical in the reproducing kernel Hilbert space induced by .

D.2. Spatial Architecture Fidelity

These metrics evaluate whether the model populates the correct spatial locations with cells, regardless of what those cells
express or what cell types they are.

* Point-to-Shape Distance (PSD) (|, [0,00)). Measures whether generated cells are placed in spatially plausible
locations by computing how far each generated cell is from the nearest real cell (a precision-like measure over spatial
coordinates). This metric was first introduced in NicheFlow (Sakalyan et al., 2025).

m

- 1 . .
PSD(Dy,,Dy,) = - iE{I{unn} lIs; — sil3. (16)
o

A low PSD indicates that every generated cell has a nearby counterpart in the real tissue; a high PSD indicates the
model is hallucinating cells in regions where no cells actually exist.
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« Shape-to-Point Distance (SPD) (J, [0, c0)). Measures whether the model covers the full spatial extent of the real tissue
by computing how far each real cell is from the nearest generated cell (a recall-like measure over spatial coordinates).
This metric was first introduced in NicheFlow (Sakalyan et al., 2025).

. 1 &
SPD(Dy,, Dy,) = — i i — 813 17
(Dr,., Do) = 25ty Isi —s;ll2 (17)
A low SPD indicates that every region of the real tissue has generated cells nearby; a high SPD indicates the model
fails to populate certain tissue regions. PSD and SPD are complementary: a model that generates cells in only a small

correct region achieves low PSD but high SPD, while a model that scatters cells everywhere achieves low SPD but high
PSD.
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