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ABSTRACT

Learning how molecular interactions dictate the self-organization of biological
systems is a longstanding goal in developmental biology. Time-series spatial tran-
scriptomics (spatiotemporal transcriptomics) provides data to interrogate such dy-
namic tissue processes. Existing computational methods for spatiotemporal tran-
scriptomics focus on aligning cells and spatial regions across timepoints and learn-
ing the spatiotemporal determinants of cell-fate transitions, but do not identify
interactions between local spatial processes that generate developmental patterns.
To address this, we introduce Dynamical Analysis of Latent Interactions (DALI), a
framework that takes as input a time series of spatial transcriptomic snapshots and
simultaneously fits a latent partial differential equation (PDE) and a spatial regis-
tration model to learn rules that generate tissue development. On two Stereo-seq
datasets of Zebrafish and Mouse embryogenesis, DALI learns rules that predict
gene expression from held-out tissue regions better than baseline approaches. We
furthermore interpret these rules: the learned latent variables correspond to mean-
ingful gene programs, and their learned interactions to developmentally important
signaling interactions with previous causal evidence.

Code availability: Software is publicly available at https:
//github.com/broadinstitute/latent-dynamical-systems

1 INTRODUCTION

Biological systems display the remarkable property of self-organization: complex patterns emerge
from simple, local interactions of individual components of the system. During the development
of multicellular organisms, individual cells produce reproducible and robust spatial arrangements
of diverse cell types through a process known as morphogenesis. Cells achieve morphogenesis
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by responding to signals in their local environment, such as secreted molecules (”morphogens”) or
direct contact with their neighbors. These local interactions collectively give rise to complex tissues,
whole organs, and ultimately entire organisms.

Computational frameworks such as Conway’s Game of Life Gardner (1970) have demonstrated how
simple, local update rules are sufficient to generate complex spatiotemporal patterns. They have
also inspired the design of artificial systems capable of growth and repair, such as Neural Cellular
Automata (NCA) Mordvintsev et al. (2020). These models have offered conceptual insights into
emergent behavior and self-organization, but they have largely been applied to toy models, such as
RGB images.

Experimental advances have recently transformed the ability to observe self-organization. Spatial
transcriptomics is a powerful data modality, which measures gene expression in tissues with cel-
lular or even subcellular resolution. Although the modality is destructive, static snapshots can be
profiled from multiple organisms along a time-series trajectory, revealing the spatiotemporal evolu-
tion of gene expression. Time-series spatial transcriptomics data can therefore enable the study of
how molecular and cellular interactions give rise to dynamic tissue processes, such as embryonic
development, tissue regeneration, and disease progression.

Models based on Optimal Transport (OT) have proven effective for aligning tissue states across
time and inferring cellular transitions from time-series spatial transcriptomics data Halmos et al.
(2025b;a); Klein et al. (2025); Qiu et al. (2024). Such approaches connect cells and spatial regions
across timepoints, but they do not directly model how local interactions produce global spatiotem-
poral trajectories. Furthermore, generative models have been applied to learn factors underlying
single-cell gene expression distributions, including dynamics Tong et al. (2020); von Bassewitz
et al. (2025). However, it has not been determined whether generative models that constrain la-
tent variables to exhibit simple spatiotemporal interactions can meaningfully recapitulate biological
interactions underlying morphogenesis.

Here, we introduce Dynamical Analysis of Latent Interactions (DALI), a framework that simultane-
ously fits a partial differential equation (PDE) modeling spatiotemporal interactions between latent
variables, a decoder into gene expression space, and spatial registration, to model time-course spatial
transcriptomics data. We utilize a reaction-diffusion PDE as a minimal prior on the dynamics of the
latent variables as signals that spread out and interact. We quantitatively evaluate DALI with inter-
polation and extrapolation using baselines that account for simple ways to combine gene expression
patterns. We further show that the learned dynamics finds meaningful gene expression programs
and interactions between them.

2 RELATED WORK

Reaction-Diffusion between Morphogens The Chemical Basis of Morphogenesis Turing (1952),
introduced a widely experimentally validated model for biological pattern formation using reaction-
diffusion PDEs. In this model, a system consists of a ”field”, representing the spatial concentration
of a particular morphogen. Interactions between diffusing fields can produce spatial patterns such
as stripes and spots from a homogeneous initial condition.

Cellular Automata/Neural Cellular Automata Cellular automata (CA) are discrete dynamical sys-
tems composed of a grid of cells, each of which can exist in a finite number of states Ulam (1962);
von Neumann & Burks (1966). The state of each cell evolves in discrete time steps according
to a local update rule that depends on its own state and the states of its neighboring cells. Sim-
ple deterministic rules can give rise to complex self-organizing patterns. Neural Cellular Automata
(NCA) extend the classical cellular automaton paradigm by replacing hand-crafted update rules with
a learnable, differentiable rule parameterized by a neural network Mordvintsev et al. (2020).

Spatiotemporal transcriptomics registration. Previous work has modeled spatial transcriptomics
data with continuous vector fields Clifton et al. (2023); Qiu et al. (2024), and shown that distinct
samples can be aligned with a learnable spatial deformation of vector fields akin to template con-
struction in biomedical imaging. Furthermore, optimal transport approaches learn couplings be-
tween cells across timepoints that preserve pairwise expression and spatial relationships Klein et al.
(2025).
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3 METHODS

3.1 PROBLEM STATEMENT

We consider time-series data of 2D spatially resolved gene-expression measurements of embryonic
development: X = (X0, X1, . . . , XT ), where each Xt = {(xti, gti) : i = 1, . . . , nt} denotes the
measurements at absolute time t post-fertilization. Here, xti ∈ R2 is the spatial sampling location
and gti ∈ RG is the corresponding gene-expression vector, withG the total number of assayed genes.
Because the assay is destructive, each timepointXt is obtained from a different individual organism.

Our goal is to find a “template” trajectory ψ : R2 × [0, T ] → RG, where ψ(x, t) is the gene
expression at position x in space at timepoint t. This template trajectory models a generative process
underlying development by satisfying the following core assumptions:

1. There exist organism-specific registration functions Rt : R2 → R2 that spatially deform
the trajectory to fit the data from each timepoint, i.e. for each (xi, gi) ∈ Xt, we have
gi ≈ ψ(Rt(xi)).

Motivation: In the case of a highly stereotyped process (such as development), the spatial
transcriptomics data from any individual organism should be obtainable from the template
by spatial deformation.

2. There exists a latent trajectory ψ̃ : R2 × [0, T ] → Rd and mixing function M : Rd → RG

where d≪ G such that:
ψ =M ◦ ψ̃

Motivation: Embryonic development is canonically driven by a few key signals that
control cellular processes Sanz-Ezquerro et al. (2017). The latent trajectory models the
levels of a small (d ≪ G) number of such signals putatively driving development. At any
spatial location x at timepoint t, the mixing function M decodes the levels of the signals,
ψ̃(x, t), into the gene expression at that location.

3. The latent trajectory ψ̃ satisfies a reaction-diffusion partial differential equation (PDE) with
drift of the following form,

∂ψ̃

∂t
= ∆ψ̃ + F

(
ψ̃,
∂ψ̃

∂y
,
∂ψ̃

∂y

)
.

The function F : Rd × Rd × Rd → Rd is the combination of the local reaction and drift
effects.

Motivation: The assumed dynamics on ψ̃ enables us to interpret each latent component
d as the concentration of an indirectly-observed signal that diffuses through space and
interacts with other signals to specify the gene expression vectors at a particular location.
The dynamics of the latent signals should not be interpreted as directly corresponding to
the physical diffusion of cells or molecules: the resolution of the data is not enough fit such
models. Instead, we aim to capture our prior assumption that developmental transitions are
dictated by local interactions between signals that spread out through space.

In this work, we represent the registration Rt, the reaction-drift function F , and mixing function M
with neural networks and estimate them with gradient descent. We evaluate models by reconstruc-
tion of held-out positions/timepoints as well as by interpreting the gene expression programs and
interactions. Our overall architecture is depicted in the schematic Figure 1.

3.2 MODEL ARCHITECTURE: LATENT PDE IN DISCRETIZED SPACE AND TIME

We model the latent trajectory with a tensor describing its values on a grid

ztabc := ψ̃((a, b), t)c ∈ R,
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where a, b ∈ 1, . . . , L are grid points in the x and y dimensions respectively, t ∈ 1, . . . , nT are
timepoints and c ∈ 1, . . . d are latent dimensions. We assume that in between each timepoint of the
observed spatial transcriptomics data, there are n steps of the PDE.

The dynamics of z models the latent trajectory with the following equation:

zt+1
abc = H[zt]abc := max

(
0, ztabc + σλc(∆z

t)abc + (1− σ)F (zt, ∂xz
t, ∂yz

t)abc
)
, (1)

where:

• ∆zt, ∂xz
t and ∂yzt are estimates of the Laplacian and spatial gradients respectively, ob-

tained by convolution for each channel as:

∂xz
t = KSobel

x ∗ zt, ∂yz
t = KSobel

y ∗ zt, ∆zt = K∆ ∗ zt,

where ∗ denotes 2D convolution applied independently to each channel, where KSobel is
the Sobel filter and K∆ is the discrete Laplacian:

KSobel
x =

[
1 0 −1
2 0 −2
1 0 −1

]
, KSobel

y =

[
1 2 1
0 0 0
−1 −2 −1

]
,

K∆ =

[
0 1 0
1 −4 1
0 1 0

]
. (2)

• F is a pointwise linear function of its three arguments followed by a tanh nonlinearity to
limit the magnitude of the reaction updates:

F (zt, ∂xz
t, ∂yz

t)abc = tanh

[∑
c′

W
(F ;0)
c,c′ ztabc′ +

∑
c′

W
(F ;x)
c,c′ ∂xz

t
abc′ +

∑
c′

W
(F ;y)
c,c′ ∂yz

t
abc′ + b(F )

c

]
,

(3)
where W (F ;0), W (F ;x), W (F ;y), and b(F ) are the learnable parameters.

• The initial condition z0abc is learned freely to reconstruct the first time point in the spatial
transcriptomics dataset.

• λc is a learned positive real number for each latent dimension capturing diffusion rates

• σ ∈ [0, 1] is a learned global parameter that weighs the reaction and diffusion components
of the model.

This dynamics mirrors Neural Cellular Automata (NCA) Mordvintsev et al. (2020) in that it is a
convolutional recurrent neural network with fixed, biologically-inspired kernels. In contrast to NCA,
each grid point is a spatial location; the dynamics is thus intended to model interactions between the
concentrations of signals at each such location rather than rules operating within individual cells.

3.3 MODEL ARCHITECTURE: DECODER

The decoder is a map M : Rd → RG that predicts gene expression values from the values of the d
latent trajectory. We quantitatively evaluate two architectures for the decoder:

• A linear nonnegative decoder (termed ”NMF decoder”) enables easily interpreting the la-
tent dimensions but has limited expressivity to fit gene-expression values

• A more flexible multi-layer perceptron (MLP) decoder

We further evaluate regularization to (a) encourage a more biologically meaningful latent space for
the decoder and (b) incorporate prior gene-level information, such as sequence features of the gene
promoter region “sequence prior regularization”. Further details on the decoder architecture and
regularization can be found in Appendix A.2 and A.3.
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Figure 1: Schematic of DALI architecture for spatiotemporal data. (a) A PDE in the d-dimensional
latent space is represented by the update rule in (b). Latent variables are decoded to gene expression
and transformed by an affine registration.

3.4 MODEL ARCHITECTURE: LEARNED AFFINE REGISTRATION

The data is obtained by destructively sampling tissue sections from different organisms at each
timepoint. Therefore, we do not expect a perfect physical alignment across timepoints. To account
for this, we register the latent trajectory to each sample Xt end-to-end with an affine transformation
Rt. We fix R0, the registration map for the first timepoint, as the identity. Specifically, we learn

Rt : R2 → R2, x 7→ Qtx+ b,

where Qt ∈ R2×2 is a matrix and b ∈ R2 is a bias.

We implement registration using spatial grid sampling as implemented in spatial transformer net-
works Jaderberg et al. (2015). In addition, we manually initialize the registration parameters using
the overall shape to avoid local minima.

3.5 OPTIMIZATION

The set of learnable parameters, denoted by Θ, comprises: the initial condition of the latent trajectory
z0, the diffusion rates {λc}, the reaction-diffusion weight σ, the reaction network parameters ΘF ,
the decoder parameters ΘM , and the affine registration parameters {Rt} for t > 0.

We estimate the gene expression for an observed spatial location xti ∈ R2 at embryonic time t
by evolving the latent dynamics, decoding to gene space, and sampling the resulting field at the
registered coordinate. Let zt denote the latent grid at embryonic time t, obtained by recursively
applying the update H(Θ) (Eq. 1) for nt steps starting from z0. The predicted expression is:

ĝ(xti, z
t, t; Θ) =M

(
Sample

(
zt, Rt(xti)

)
; ΘM

)
, (4)

where Sample(Z, x) denotes bilinear interpolation of the grid Z at the query coordinate x.

We optimize Θ by minimizing a composite loss function that penalizes reconstruction error on tissue
samples as well as enforces background and regularization constraints:

L(Θ) = Ltissue + λbgLbg + λregLreg(Θ). (5)

The tissue reconstruction loss Ltissue is the sum of squared errors between predicted gene expression
ĝ(·) and true gene expression g over all observed cells across the trajectory:

Ltissue =

T∑
t=0

∑
(xt

i,g
t
i)∈Xt

∥ĝ(xti, zt, t; Θ)− gti∥2. (6)
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To constrain the overall shape of the embryo, we enforce zero expression in background regions.
Let G be the set of discrete grid coordinates; we define the background set X̃t ⊂ G as grid points
that do not align with the registered spatial footprint of the tissue sample Xt. The background loss
is:

Lbg =

T∑
t=0

∑
u∈X̃t

∥(M(zt))u∥2. (7)

Lreg(Θ) denotes the regularization (see Appendix A.3 for further details). We minimize L(Θ) with
backpropagation in time using the Adam optimizerKingma & Ba (2015) with a learning rate of 1e-4,
β1 = 0.9, and β2 = 0.999.

3.6 EVALUATION

We evaluate our learned parameters by whether they can reconstruct held-out (masked) data. From
the spatiotemporal time-series X = (X1, X2, ..., XN ), we consider two masking schemes:

1. Within a given timepoint tm, we remove a set (or multiple sets) of spatially contiguous
coordinates M = {(i, j)} to obtain

Xtm
\M = {Xtm

i,j | (i, j) /∈ M}.

The task is then to reconstruct the missing region(s) Xtm
M .

2. We remove an entire sample Xtm from the sequence and train the model on the remaining
data,

X\tm = {Xt | t ̸= tm}.
The goal is to reconstruct Xtm given the dynamics inferred from X\tm .

We compare the predicted and true gene expression profiles in these masked areas/samples using
mean squared error (MSE), Pearson Correlation Coefficient (PCC), and Wasserstein distance.

4 RESULTS

4.1 DATASETS

We evaluate DALI on two spatial transcriptomic time-series datasets.

• The first is of zebrafish development Liu et al. (2022) at somitogenesis stages (10 hours
post fertilization (hpf), 12 hpf, 18 hpf, and 24 hpf). We evaluate reconstruction of the 18
hpf sample with masking schemes 1 and 2, testing the ability of the model to interpolate
the held-out data.

• The second dataset was a subset of the mouse development dataset Chen et al. (2022)
at embryonic stages E10.5 and E12.5. Here, we evaluate whether held-out regions from
the E12.5 timepoint can be reconstructed. This task moves beyond interpolation towards
extrapolation because there is no data for held-out regions at later timepoints, or for driving
registration parameters.

4.2 BASELINES

We established a baseline (termed “superposition”) that measures the extent to which spatial gene
expression patterns at a given timepoint can be explained by affinely transforming and overlaying
patterns from other timepoints. Given a held-out timepoint (or a sample with held-out regions), we
fit an autoencoder with architecture matched to the mixing function M . We affinely register and
overlay data from other timepoints in the latent space (Appendix A.4). This baseline is stringent
because it requires optimizing registration parameters on held-out data.

For masking scheme 2 (held out timepoints), we additionally consider an optimal transport-based
baseline using MOSCOT Klein et al. (2025). MOSCOT solves a Fused Gromov-Wasserstein type
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problem to learn an optimal transport coupling between spatial gene expression data from consecu-
tive timepoints. Given a held-out timepoint tm, we compute an OT coupling for the pair (Xtm−1,
Xtm+1) using MOSCOT’s SpatioTemporalProblem. We then approximate cells at Xtm as a
linear interpolation from this coupling. We report the Wasserstein distance between the true and pre-
dicted gene expression. We additionally report the interpolated distance from a random OT coupling
between (Xtm−1, Xtm+1) as well as “timepoint-distances” (i.e. the Wasserstein distance between
(Xtm−1, Xtm ) and (Xtm , Xtm−1).

For masking scheme 1 (held out regions of a timepoint), we further implement a Deep Image Prior
baseline (Appendix A.4) Ulyanov et al. (2018). This evaluates whether the local spatial correlation
structure inherent to each sample is sufficient to define gene expression patterns in the held-out
regions, as would be expected with, for example, linear spatial gradients.

4.3 TRANSPORTATION OF SPATIAL GENE EXPRESSION PATTERNS ACROSS TIMEPOINTS

To evaluate whether the trajectory learned by DALI correctly reconstructs gene-expression, we hold
out either tissue regions or entire samples. On the zebrafish embryogenesis dataset Liu et al. (2022),
we hold out a large section of the embryo from the 18 hpf sample. We perform multiple independent
holdouts (”mask modes”) where the model is trained to generate the 10 hpf, 12 hpf, the unmasked
half of the 18 hpf (as indicated by grey regions in Figure 2A, lower panel), and the 24 hpf sample
(Figure 2A). We do not apply any constraints on the reconstruction in the masked half (as indicated
by red regions in Figure 2A, lower panel).

Figure 2: (a) DALI interpolation of 18hpf zebrafish sample across different masked regions. Top
panel shows the sum of all latent activations i.e.

∑
c zabc. (b) Pearson correlation (PCC) between

true and predicted gene expression in the held-out region for masking mode (ii) for different gene
subsets (Appendix A.1). Performance of superposition baseline (“baseline”) and an autoencoder
trained on the masked region (“upper bound”) also shown. Bar indicates median PCC. (c) Wasser-
stein distance between true and predicted gene expression for various baselines and DALI interpo-
lation when entire 18hpf zebrafish sample is held out.

We compute the Pearson Correlation Coefficient (PCC) between the true gene expression and the
predicted gene expression within the masked section of the embryo. On mask mode (ii) for example,
the DALI model exhibits higher median PCC than the superposition baseline when evaluated on all
positions, i.e. both positions with gene expression and background positions (Figure 2B). Results
for all mask modes are reported in Table S1, S2.
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We hold out the entire 18 hpf sample and compute the Wasserstein distance between the true gene
expression and predicted gene expression. We find that while DALI and MOSCOT both interpolate
the held-out sample better than transporting spatial gene expression patterns from adjacent time-
points, DALI outperforms a random OT coupling while MOSCOT does not (Figure 2C).

Figure 3: (a) MSE for reconstruction of gene expression across held out regions of E12.5 with
different decoders (colors). NMF: non-negative linear decoder, relu: MLP decoder with ReLU
nonlinearity, seq: sequence regularized MLP decoder, PCA: PCA regularized decoder, shuf: se-
quence regularized with features permuted across genes (see Appendix A.3). Solid line is Deep
Image Prior, dashed line is mean gene expression in the held out region. (b) Number of genes with
reconstructed/true expression PCC > 0.1 with different decoders. Solid line is Deep Image Prior
(c) Qualitative visualization of top reconstructed genes in region 5. Reconstructions from different
decoders as labeled on left, DIP is Deep Image Prior.

We next focused on the mouse spatiotemporal transcriptomics atlas Chen et al. (2022), held-out
twelve regions from the E12.5 sample (Figure S2 and trained a model using the remaining portion
of the E12.5 sample as well as the E10.5 sample. No constraints were applied to the positions that
were held out from the E12.5 sample.

DALI using a MLP decoder with sequence prior regularization (A.3) outperformed the mean over
held-out regions in three of the twelve regions (Figure 3). In addition, it outperformed the interpola-
tion baseline (with deep image prior Ulyanov et al. (2018)) in seven of the twelve held-out regions
(Figure 3A), indicating that the model uses information across time points and not only spatial cor-
relations within the E12.5 timepoint. Applying only the learned affine registration (i.e., without
integrating the PDE) led a greater MSE, indicating that the performance could not be explained by
directly matching regions across timepoints (Table S5). While MSE differences were small, there
was a more substantial difference between decoders and baselines in the number of genes with a
PCC greater than 0.1. With respect to this metric, the NMF decoder models outperformed the deep
image prior baseline in three of the twelve regions (Figure 3B). Variations of the MLP decoder
outperform both the NMF decoder and deep image prior in all twelve regions. We further quali-
tatively confirmed that the genes best constructed captured non-linear patterns that were consistent
with true gene expression patterns (Figure 3C). Thus, the DALI model explains nonlinear spatial
gene expression variation for some genes in some of the regions by integrating information across
timepoints.

4.4 DALI IDENTIFIES BIOLOGICALLY MEANINGFUL SPATIOTEMPORAL GENE EXPRESSION
PROGRAMS

Using the optimal hyperparameters, we obtained a model trained on all timepoints for the zebrafish
and evaluated the learned programs. To identify spatiotemporal gene expression programs (i.e. a
spatiotemporally coordinated, functional set of genes), we attribute the contribution of each latent
to reconstructing each gene with the attribution method DeepLIFT Shrikumar et al. (2017). We run
Gene Set Enrichment Analysis Subramanian et al. (2005) on the resulting latent x gene matrices to
interpret these programs. The spatial localization of programs was consistent with known biology
as well as the programs obtained with the existing method Hotspot (Figure S4). For example a
program enriched for myofibril assembly and muscle fiber development (FDR q-val < 0.05 in all
timepoints) occurs in the myotome (tail muscle tissue) while a program enriched for regulation of
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RNA metabolic processes occurs throughout the central nervous system (FDR q-val < 0.05 in all
timepoints), consistent with previous reports Liu et al. (2022).

On the mouse data, we additionally identify high-magnitude interactions between gene expression
programs. Since the learned reaction weights (W (F ;0), W (F ;x), W (F ;y)) are linear, they can be
directly interpreted as interactions between programs. We identify interactions whose sign was con-
sistent across multiple random initializations (Figure S6). The interactions recapitulated biological
signalling pathways with previously established causal effects, for example:

• There was a positive edge between Programs 24 and 31. Program 24 enriched Wnt and
VEGFR pathway genes, while Program 31 enriched targets of key Wnt effectors LEF1,
CTNNB1 and GATA2.

• There was a negative edge between Program 31 (enriching YAP1 TF targets) and Program
26 (enriching TBX20 targets and heart genes); this is a canonical developmental relation-
ship critical for heart development

Taken together, these results suggest the capability for DALI to learn biologically plausible cross-
tissue programs and relationships between them.

5 CONCLUSION

Here, we introduce Dynamical Analysis of Latent Interactions (DALI), inspired by neural cellular
automata and reaction-diffusion systems. DALI learns generative rules that recapitulate observed
spatiotemporal gene expression trajectories. Our model exhibits capacity to reconstruct gene expres-
sion patterns in held out spatial regions and time points. We compare DALI to stringent baselines
which account for simple, linear changes in spatial gene expression patterns across timepoints, as
well as to existing methods based on optimal transport. We find that our model outperforms these
baselines in both the zebrafish and mouse datasets. By interpreting the learned parameters, we find
that DALI finds biologically plausible gene expression programs as well as interactions between
them.

However, the DALI model is constrained by data and modeling assumptions. These can be at-
tributed to: (i) limited temporal resolution of the data, (ii) limited sample size, and (iii) modeling
3D dynamics with biased 2D sections (in terms of cell-type composition). With feasible additional
data, the LDS framework can be extended to address these limitations by: (i) increasing resolution
through integrating measurements across modalities (e.g., by using modality-specific decoders to
bridge high temporal and high molecular resolution data), (ii) modeling distributions over trajecto-
ries (e.g., by learning sample-specific initial conditions), and (iii) modeling 3D trajectories (e.g., by
implementing the reaction-diffusion framework with 3D CNNs).

Our results also demonstrate that the spatiotemporal prior on the latent space qualitatively and quan-
titatively alters the gene expression programs that are learned. However, our specific choice of
spatiotemporal dynamics assumes local interactions, which may not be sufficiently expressive to
capture the true interactions driving development. Thus, exploring different choices of spatiotempo-
ral priors to find one that optimally interpolates in sparse data regimes will reveal context-specific
relationships between gene expression programs that drive development.

Ultimately, we envision DALI as a general and flexible framework for modeling spatiotemporal
biological data, enabling the study of how local molecular interactions give rise to emergent tissue
organization.
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A SUPPLEMENTARY NOTES

A.1 DATA PREPROCESSING

For the zebrafish dataset, read counts are normalized by total number of counts per spot (to normalize
for sequencing depth) and log transformed. We perform an additional normalization, inspired from
Theodoris et al. Theodoris et al. (2023) For each gene, we calculate its non-zero median expression
value across all cells and normalize each gene expression value by this gene-specific factor. This
has the effect of downweighting the expression value of genes that are widely and highly expressed
housekeeping genes, while upweighting genes that are more lowly expressed but highly variable,
such as transcription factors. We remove ribosomal and mitochondrial genes and further filter to
genes expressed in at least 1% of all cells. After filtering, there are 8173 genes in the dataset.

To focus on biologically informative genes for certain analyses, the top 1000 spatially auto-
correlated genes (autocorrelation defined by Moran’s I score) in the 18 hpf sample are se-
lected using the gr.spatial autcorr function from the squidpy package Palla et al.
(2022) with default parameters. The top 1000 highly variable genes are selected using the
pp.highly variable genes function from the scanpy package Wolf et al. (2018) with de-
fault parameters.

For computational tractability, spot coordinates are additionally downsampled to a grid of prede-
fined size. This size is a user hyperparameter and chosen as 100 for the experiments shown for the
zebrafish dataset.

For the mouse dataset, log transformed gene expression was downloaded from Chen et al. Chen
et al. (2022) and the model was fit directly to these measurements without downsampling spatial
locations.

A.2 DECODER ARCHITECTURE

We consider three architectures for this decoder: a linear nonnegative decoder (termed ’NMF de-
coder’), a 3-layer MLP decoder with hidden dimensionality equal to the latent dimensionality, and
a 3-layer MLP decoder of hidden dimensionality 200. The MLP decoders use either a ReLU or
a CELU activation function (the CELU activation function was chosen so that the output is zero
exactly when the input is zero).

A.3 REGULARIZATION

The regularization loss Lreg is the sum of various regularization terms on individual architectural
components, as described in the following sections.

A.3.1 LATENT PDE REGULARIZATION

To encourage sparsity in the learned interactions, we add a L1 regularization term on the reaction
weights F to the overall loss function. The weight of this penalty is a hyperparameter controlling
the strength of PDE regularization.

A.3.2 DECODER REGULARIZATION

We evaluate whether regularizing the decoder encourages more biologically meaningful latent space
for gene expression. Specifically, we consider:

• For the linear nonnegative decoder, we compute an orthogonality loss given by the average
off-diagonal values of the pairwise cosine-similarity between rows of the decoder weight
matrix.

• For MLP decoder, we add dropout.

The strength of the decoder regularization is a hyperparameter of the model.

We further evaluate incorporating prior information about each genes when given features Vprior ∈
Rk×G. Specifically, assuming that the weight of the final linear transformation of the decoder M
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mapping the data into gene expression is a matrix W ∈ Rm×G, we learn an additional matrix
A : Rm × Rk and bias b ∈ Rk to obtain a loss term

Lprior(W ) := ||AW − Vprior||2,
which encourages the model to learn a latent space that can be mapped to the prior features. This
loss term acts as a regularization on the magnitude of the weights as well. We evaluate the value of
the actual prior relationships by replacing Vprior with a permuted version. We separately consider and
evaluate two kinds of prior information here. Sequence prior regularization: we use embeddings
of the 1kb upstream of TSS using the nucleotide transformer foundation model (Dalla-Torre et al.
(2025)); PCA regularization: we compute PCs across the entire dataset and use their loadings as
gene features.

A.3.3 REGISTRATION REGULARIZATION

Because we manually initialize the registration, we expect the learned registration parameters to be
close to zero. We therefore add a L2 regularization term on the registration parameters to the overall
loss function.

A.4 BASELINES

A.4.1 SUPERPOSITION BASELINE

We obtain this baseline in two stages by fitting an autoencoder and then learning registrations and
weights.

First, we fit an autoencoder to reconstruct each Xi in X\tm . The decoder is constrained to have the
same architecture and latent dimension as the decoder representing the mixing function M defined
above. We learn affine registrations and weights to overlay other timepoints in a latent space such
that when the decoder is applied, we reconstruct the held-out sample.

We freeze the encoder E(·) and decoder D(·), with encoder E : RG → Rd, and decoder D : Rd →
RG.

We then learn a set of weights α = {αt | t ̸= tm} with
∑

t:t̸=tm
αt = 1, and a set of affine

registrations that optimally reconstruct the held-out timepoint. The registration parameters are
(Q, b) = {(Qt, bt) | t ̸= tm}. These parameters are optimized to reconstruct the held-out time-
point (Xtm

\M or Xtm ) in latent space as

Ẑtm =
∑
t̸=tm

αt
(
QtE(Xt) + bt

)
,

which is subsequently decoded to pixel or gene-expression space:

X̂tm = D(Ẑtm)

The registration parameters (Q, b) are optimized jointly with the combination weights α to minimize
the reconstruction error over the masked regions in scheme 1 or the entire held-out sample in scheme
2:

Lsuperpos =
∥∥X̂tm

\M −Xtm
\M

∥∥2
2
+ λ

∥∥bt∥∥2
2
,

or
Lsuperpos =

∥∥X̂tm −Xtm
∥∥2
2
+ λ

∥∥bt∥∥2
2
.

After the baseline is trained, the evaluation metrics are then computed between X̂tm
M and Xtm

M (in
masking scheme 1) or X̂tm and Xtm (in masking scheme 2).

A.4.2 MOSCOT

For masking scheme 1, with entire held-out samples, the MOSCOT interpolation is obtained
with the compute interpolated distance function, setting source as the 12 hpf sam-
ple, intermediate as the 18 hpf sample, and target as the 24 hpf sample. The interpo-
lation parameter is set to 0.5 (i.e. linear interpolation). The interpolated cells are sampled as
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weighted combinations of the source and target cells based on the coupling matrix and the in-
terpolation parameter. The interpolation from a random OT coupling is similarly obtained us-
ing the compute random distance function, and the timepoint distances are obtained us-
ing the compute time point distances function. Due to high computational complexity,
MOSCOT is run by default on the top 30 principal components of gene expression. The Wasserstein
distance for the DALI interpolation is computed by projecting the interpolated gene expression onto
the principal components used by MOSCOT.

A.4.3 DEEP IMAGE PRIOR

We consider masking scheme 2, for a given timepoint, Xtm , with masked regions Xtm
M . Following

Ulyanov et al. (2018), we initialize a tensor with random uniform noise. We train a U-net with
skip connections, composed with a pointwise decoder, to directly predict the gene expression Xtm

\M
from this fixed input noise, and we restrict number of iterations during the optimization process.
We then evaluate the capability of this U-net to reconstruct the masked regions Xtm

M from the same
input. Due to the inductive bias of convolutional neural nets, the Deep Image Prior learns natural
image structure such as local spatial correlations. Therefore, this baseline explains the capability
to reconstruct Xtm

M simply due to local spatial patterns learned from Xtm
\M. A sample defined by a

linear spatial gradient, for example, would achieve high reconstruction performance with the Deep
Image Prior.

B SUPPLEMENTARY RESULTS

B.1 ABLATIONS

We evaluated components of the architecture by testing the impact of removing them on the task of
reconstruction held-out regions in both datasets (Table S3, S4, S6). Our findings were:

• Enforcing the PDE to learn denoising rules improved reconstruction error in both datasets.

• The more expressive MLP decoder consistently improved reconstruction in both datasets.

• We observed that including spatial gradient terms in the reaction improved reconstruction
for the zebrafish but worsened it for the mouse dataset. Thus, including gradients may
improve performance when the PDE must capture significant nonlinear pattern changes in
shape.

• A timescale of around 10-20 steps was necessary to obtain successful reconstruction in
both datasets.

B.2 IDENTIFIED PROGRAMS AND INTERACTIONS ARE BIOLOGICALLY MEANINGFUL

For the mouse dataset, gene expression programs are interpreted from the model with the best per-
formance on the reconstruction task. Eight of the forty programs for this model were consistently
identified (spatial correlation after matching> 0.4) across three or more initializations. Aggregating
across the previously defined cellular annotations, we saw that programs generally occurred across
many tissues, but were enriched differently within them. Five programs were active predominantly
in ectoderm derived tissue (brain, head and surface ectoderm), one program was active in endoderm
tissues (highest in liver and primitive gut tube), and one was active in mesoderm tissues (heart and
sclerotome) (Figure S5A-B).

We interpreted the programs with gene-set enrichment analysis Kuleshov et al. (2016), measuring
enrichment of developmental disorder, transcription factor target, and signaling pathway gene sets
among the top 200 genes spatially correlated with each program; these recapitulated expected tissue
specific expression patterns (Figure S6A).

We identified high-magnitude interactions between programs from the learned reaction weights
whose sign was consistent across initializations, plotting them as a graph (Figure S6D). The in-
teractions recapitulated biological signalling pathways with previously established causal effects, as
follows.
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• A negative edge between Program 39 (enriching Notch and Smoothened pathways) and
Program 31 (enriching the intrinsic apoptotic pathway).

• A positive edge between Program 14 (enriching targets of REST genes) and Program 31
(enriching the apoptosis pathway).

• There was an edge between Programs 24 and 31. Whereas program 24 enriched wnt and
vegfr pathway genes, 31 enriched targets of key wnt effectors LEF1, CTNNB1 and GATA2.

• There was a negative edge between Program 31 (enriching YAP1 TF targets) and Program
26 (enriching TBX20 targets and heart genes); this is a canonical developmental relation-
ship critical for heart development

B.3 DALI FINDS SPATIOTEMPORAL GENE EXPRESSION PROGRAMS CONSISTENTLY

We evaluated whether incorporating temporal dynamics affects the spatial programs that are learned
on the zebrafish dataset. We fit a non-negative matrix factorization (NMF) model on the gene expres-
sion data from all the timepoints. We then train a DALI model with a non-negative linear decoder
(Methods) that is initialized as the decoder from the pre-trained factor matrix from the NMF model.
We then fit the DALI model to the data, allowing the model to both learn the PDE parameters and
update the decoder weights. We then compare the programs learned by the DALI and NMF models.

Across random seeds, DALI consistently alters the intialization towards developmentally meaning-
ful programs. We determined consistency by evaluating Pearson correlation over spatial locations
as well as gene rankings between the NMF-intialized and DALI-fit decoder weight matrices (Fig-
ure S7,S8). While some programs (such as P1) are preserved with the NMF initialization, other
programs such as P11 are reproducibly altered and compared to the initialization, exhibit greater co-
herence across time points (in terms of their spatial distribution relative to the head, tail and center)
(Figure S9).

We additionally run gene set enrichment analysis Subramanian et al. (2005) on the difference be-
tween the initialized decoder and the fit decoder to identify gene pathways driving this alteration.
We observe developmentally related gene sets that are reproducibly enriched in all 3 replicates, for
example:

• In Program 3, ”regulation of Wnt signaling” (Normalized enrichment score (NES) > 1.5
and FDR q-val < 0.15 in all 3 replicates)

• In Program 5, ”skeletal myofibril assembly ” (NES > 1.8 and FDR q-val < 0.031 in all 3
replicates)

• In Program 13, ”positive regulation of MAPK cascade” (NES> 1.6 and FDR q-val< 0.016
in 2 of the 3 replicates)

We further evaluated the consistency of spatial program identification across model initializations
using the mouse dataset. We matched programs across initializations using earth-mover distance
to minimize spatial correlation distances averaged across time points. Following matching, models
trained with the MLP decoder exhibited a spatial correlation of 0.6, indicating consistency of the
spatial distribution of underlying programs (Figure S10A) that had been found.

We evaluated whether the learned dynamics were consistent, beyond only the learned programs. We
first confirmed that the spatial locations in the earlier time point that contributed to gene expression in
the held out regions were consistent across initializations. Given any gene in the later time point, we
attribute its expression to spatial locations in the earlier timepoint by taking gradients with respect to
each spatial location and latent dimension and taking the norm across the latent dimension. Applying
this to the average expression of the top differentially expressed gene in each held-out region, we
saw a high correlation in absolute gradients (considering only regions with high absolute gradient)
(Figure S10B). As an example, the gradient for the top differentially expressed gene in held-out
region 4 (Dbx4) is consistently high in the center of a patch at the the earlier timepoint (Figure
S11B).

We further confirmed consistency of the learned dynamics by evaluating the learned reaction
weights. Here, we evaluated the sign of the thresholded reaction weights between matched pro-
grams and observed that they agreed on average 55% of the time with all three decoders (Figure
S10C).
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Taken together, these results indicate that the DALI model identifies programs and interactions con-
sistently, but requires aggregating across initializations to account for variability.

B.4 DALI IDENTIFIES SMOOTH DYNAMICS TRANSPORTING SPATIAL GENE EXPRESSION
PATTERNS ACROSS TIMEPOINTS

We analyze the per-timepoint reconstruction loss as a function of the number of discrete PDE steps
(i.e. “iterations”) from the initial condition. Because each timepoint is associated with a specific
iteration at which its loss is backpropagated, we expect its reconstruction error to reach a minimum
near the iteration corresponding to that timepoint. We track how reconstruction loss evolves across
iterations for both observed and held-out regions.

We perform this analysis on the zebrafish data under three settings: (i) no data held out (Fig. S12C),
(ii) masking scheme 1 with held-out regions (Fig. S12A-B), and (iii) masking scheme 2, in which
an entire timepoint is held out (Fig. S13C). Across all conditions, the learned PDE dynamics exhibit
smooth transitions between neighboring timepoints. Moreover, the qualitative shape of these loss-
dynamics curves is consistent across random initializations of the model, suggesting that the model
learns a stable and coherent spatiotemporal trajectory.
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C SUPPLEMENTARY TABLES/FIGURES

C.1 INTERPOLATION (SEE SECTIONS 4.3 AND B.1)

Mask mode All positions GEX positions

Baseline DALI Upper
Bound Baseline DALI Upper

Bound
x < centroid (vi) -0.0102 0.1331 0.2383 0.0008 0.0089 0.1475
x > centroid (v) 0.1122 0.1177 0.2361 0.0207 0.0106 0.1490
y < centroid (iv) 0.0401 0.1385 0.2295 0.0041 0.0029 0.1407
y > centroid (iii) 0.0505 0.1342 0.2471 0.0135 0.0184 0.1591
y > x (ii) 0.0026 0.1371 0.2448 0.0020 0.0094 0.1562
y < x (i) 0.0372 0.1193 0.2307 -0.0062 0.0046 0.1415

Table S1: Interpolation Results on Zebrafish for Masking Scheme 1. For each masked region (“mask
mode”, corresponding to the labels in Figure 2A, the mean Pearson Correlation Coefficient (PCC)
is computed between true and predicted gene expression. Baseline=superposition, upper bound =
autoencoder. Bold values indicate cases where the DALI model outperforms the baseline. Left: all
positions within mask (dark + light red in Figure 2A); Right: Positions within mask with true gene
expression i.e. “GEX positions” (dark red in Figure 2A).

Mask mode All positions GEX positions

Baseline DALI Upper
Bound Baseline DALI Upper

Bound
x < centroid (vi) -0.0124 0.1119 0.2014 -0.0015 0.0098 0.1261
x > centroid (v) 0.0913 0.0994 0.2012 0.0175 0.0101 0.1314
y < centroid (iv) 0.0346 0.1158 0.1950 0.0012 0.0017 0.1232
y > centroid (iii) 0.0372 0.1138 0.2097 0.0124 0.0190 0.1360
y > x (ii) -0.0001 0.1152 0.2072 -0.0040 0.0091 0.1328
y < x (i) 0.0329 0.1000 0.1960 -0.0072 0.0032 0.1238

Table S2: Interpolation Results on Zebrafish for Masking Scheme 1. For each masked region (corre-
sponding to the labels in Figure 2A, the median Pearson Correlation Coefficient (PCC) is computed
between true and predicted gene expression. Baseline=superposition, upper bound = autoencoder.
Bold values indicate cases where the DALI model outperforms the baseline. Left: all positions
within mask; Right: GEX positions within mask only.

Mask mode Baseline DALI DALI
(No Diffusion)

DALI
(No Grads)

DALI
(Learnable

Kernels)

Upper
Bound

Mean PCC
y>x 0.0026 0.1371 0.1278 0.0967 0.0966 0.2448
y<x 0.0372 0.1193 0.1349 0.1064 0.0905 0.2307

Median PCC
y>x -0.0001 0.1152 0.1083 0.0818 0.0818 0.2072
y<x 0.0329 0.1000 0.1134 0.0895 0.0768 0.1960

Table S3: Mean and median PCC for All positions in diagonal segment masks with ablations.
Baseline = Superposition; Upper Bound = Autoencoder; DALI columns use the Latent PDE model
(per ablation). DALI = full model, No Diffusion = removing the diffusion term in the update rule, No
grads = removing spatial gradients in reaction input, Learnable Kernels = replacing fixed Laplace
and Sobel kernels with free parameters. Bold values indicate, per mask mode, best performing
model, underlined values indicate second-best performing model
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Mask mode Baseline DALI DALI
(No Diffusion)

DALI
(No Grads)

DALI
(Learnable

Kernels)

Upper
Bound

Mean PCC
y>x 0.0020 0.0094 0.0090 0.0136 -0.0017 0.1562
y<x -0.0062 0.0046 0.0136 0.0059 -0.0058 0.1415

Median PCC
y>x -0.0040 0.0091 0.0119 0.0129 -0.0002 0.1328
y<x -0.0072 0.0032 0.0147 0.0059 -0.0044 0.1238

Table S4: Mean and median PCC for GEX positions in diagonal segment masks with ablations.
Baseline = Superposition; Upper Bound = Autoencoder; DALI columns use the Latent PDE model
(per ablation). DALI = full model, No Diffusion = removing the diffusion term in the update rule, No
grads = removing spatial gradients in reaction input, Learnable Kernels = replacing fixed Laplace
and Sobel kernels with free parameters. Bold values indicate, per mask mode, best performing
model, underlined values indicate second-best performing model

Table S5: Quantitative results for interpolating mouse held out regions using only registration (best
scores taken across all trained registration models)

Region MSE # genes, r>0.1
0 0.105 2144
1 0.150 1495
2 0.170 1383
3 0.110 1634
4 0.115 3186
5 0.162 1617
6 0.147 1998
7 0.106 3196
8 0.138 1766
9 0.150 1614
10 0.148 2259
11 0.152 2826

Table S6: Hyperparameter selection for mouse dataset: average interpolation mean-squared error
(MSE) across held-out regions in mouse task across three initializations of the model

use grad latent dim timescale dropout mix MSE
False 40 25 True seq 0.091483
False 40 20 True seq 0.091524
False 40 50 True relu 0.091630
False 40 20 True relu 0.091734
False 40 30 True relu 0.091743
False 40 15 True nmf 0.093690
False 40 20 True nmf 0.093980
False 40 30 True nmf 0.094563
False 40 10 False nmf 0.096699
False 40 15 False nmf 0.097411
False 40 5 False nmf 0.098356
True 40 10 False nmf 0.098921
True 40 5 False nmf 0.099746
False 40 0 False nmf 0.123164
True 40 0 False nmf 0.123471
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Figure S1: Hyperparameter selection for zebrafish dataset: average interpolation mean-squared error
(MSE) for held-out regions in zebrafish task, averaged across three random initializations of the
model

Figure S2: Held-out regions in the mouse E12.5 timepoint used for evaluating reconstruction
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Figure S3: Qualitative visualization of top reconstructed genes in two held-out regions for the mouse
reconstruction task
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C.2 INTERPRETING LEARNED PROGRAMS (SEE SECTIONS 4.4 AND B.2)

Figure S4: a. Visualization of representative programs learned by DALI by plotting spatial distri-
bution of program activations b. Visualization of the matched spatial modules learned by Hotspot.
Modules are matched by comparing the Spearman correlation of gene rankings between a given
program/module.
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Figure S5: (a) Average activation of eight programs consistently identified across initializations
within cell types from original publication. (b) Spatial distribution of cell types. (c) Spatial distri-
bution of program activations.

Figure S6: Interpretation of mouse programs. (a-c) Gene sets significantly enriched for each pro-
gram; white: FDR<0.1; black: N.S. (a) Mouse Phenotype Ontology (b) Signaling pathways (c)
TF-target gene sets. (d) Directed graph depicting a signed effect in learned reaction weight that
is consistent across initializations (red is positive blue is negative). * indicates interactions with
previous causal evidence.
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C.3 CONSISTENCY OF PROGRAM IDENTIFICATION (SEE B.3)
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Figure S7: Spatial correlation of latent activations for NMF-initialized DALI vs NMF factors. Repli-
cates correspond to independent random initializations of the PDE parameters in the DALI model.

0 2 4 6 8 10 12 14 16 18
NMF Modules

0

2

4

6

8

10

12

14

16

18

DA
LI

 M
od

ul
es

Replicate 1

0 2 4 6 8 10 12 14 16 18
NMF Modules

0

2

4

6

8

10

12

14

16

18

DA
LI

 M
od

ul
es

Replicate 2

0 2 4 6 8 10 12 14 16 18
NMF Modules

0

2

4

6

8

10

12

14

16

18

DA
LI

 M
od

ul
es

Replicate 3

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 C
or

re
la

tio
n

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 C
or

re
la

tio
n

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 C
or

re
la

tio
n

Figure S8: Spearman Correlation of gene rankings in the fit decoder from NMF-initialized DALI vs
NMF factors. Replicates correspond to independent random initializations of the PDE parameters
in the DALI model.
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Figure S9: Program 1 (P1, left) and Program 11 (P11, right) obtained from fitting DALI after NMF
initialization (upper) vs the same programs at initialization (lower). Timepoint 1 = 12 hpf, Timepoint
2 = 18 hpf, Timepoint 3 = 24 hpf. Program activations are plotted spatially for each timepoint.

Figure S10: (a) Spatial correlation between matched program activation across initializations with
respect to the three decoders. (b) Proportion of high-magnitude entries in the learned reaction
weights that agree in sign across initializations. Random is 50%. (c) Spatial correlation across
initializations between norm of gradient of average expression of top differentially expressed gene
in held-out region at each spatial location in E10.5

.

Figure S11: (a) Schematic illustrating taking gradients with respect to spatial locations at E10.5
using DALI. (b) Visualization of gradient norm for top differentially expressed gene in region 5
with respect to initializations (columns) ad models obtained with different decoders (rows)
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C.4 DYNAMICS OF LEARNED SPATIOTEMPORAL TRAJECTORIES (SEE SECTION B.4)

Figure S12: Loss with respect to each timepoint is plotted as a function of number of timesteps
(“iterations”) of the DALI model for three random initializations of the model (blue, orange, green
lines). Vertical red line indicates at which iteration, the loss for that timepoint for observed data is
backpropagated. Dashed red lines indicate the corresponding iteration for the previous and subse-
quent timepoint. a) y > x mask mode. b) y < x mask mode. c) No data held-out
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Figure S13: Whole Embryo interpolation where entire 18hpf sample is held out (corresponding
to masking scheme 2, Methods). a) Qualitative reconstruction of all 4 samples. Held out sample
denoted by red box. b) Quantitative evaluation of reconstruction of held out sample, compared to
superposition baseline and autoencoder upper bound). Mean PCC on all genes for Baseline = 0.118,
DALI = 0.126, Upper Bound = 0.218. Performance on top 1000 autocorrelated genes and top 1000
highly variable genes are shown. c) Reconstruction dynamics across three random initializations
(blue, orange, green). Held out sample denoted in red. Loss with respect to each timepoint is plotted
as a function of timesteps (“iterations”) of the DALI model. Vertical red line indicates at which
iteration, the loss for that timepoint is backpropagated (except for tp 3 = 18 hpf, which is held out).
Dashed red lines indicate the corresponding iteration for the previous and subsequent timepoint.
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