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ABSTRACT

Spatial transcriptomics enables the joint analysis of cellular gene expression and
spatial organization, offering new insights into tissue development and function.
Existing graph- and embedding-based methods capture spatial patterns but remain
descriptive and non-generative. Spatial transcriptomics is still an expensive and
resource-intensive assay, limiting its widespread application. Consequently, there
is a growing need for generative models capable of accurately simulating gene ex-
pression within spatial contexts, particularly in settings where experimental data
acquisition is impractical or cost-prohibitive. In this work, we revisit the genera-
tive modeling of spatially informed cell embeddings derived from gene expression
and spatial information and apply a Gaussian Mixture Flow model (GMFlow) to
explicitly model the multinomial nature of cell type distributions during genera-
tion. Using a mouse embryonic development dataset, we find that both single-
Gaussian conditional flow and GMFlow models learn cell type distributions over
different developmental timepoints with comparable accuracy, while GMFlow re-
sults in generations that are closer to ground truth cell representations, suggesting
that GMFlow may enable more realistic simulation of cellular landscape in spatial
transcriptomics data.

1 INTRODUCTION

Cells are the fundamental unit of life, assembling into complex tissues whose structure underlies
function. Although all cells share the same genome, their roles are heterogeneous, shaped by their
molecular profiles and their spatial localization. Understanding how cells organize and interact is
therefore crucial for elucidating developmental processes, tissue homeostasis, and disease mecha-
nisms. Advances in spatial transcriptomics Marx/now enable the simultaneous measurement of both
a cell’s RNA composition and its spatial position, providing unprecedented opportunities to dissect
the principles governing tissue organizationMoses & Pachter,

Spatial transcriptomics has primarily been modeled using graph- and embedding-based approaches,
which represent cells and their local neighborhoods in low-dimensional spaces Hu et al.; Dong &
Zhang, While useful, these methods are descriptive, summarizing observed patterns but not explic-
itly modeling tissue organization. Graph neural networks (GNNs) address some of these limitations
by more effectively integrating information from a cell’s local spatial neighborhood, allowing for
richer modeling of interactions between cell populations |[Long et al.; [Lyu et al.; | Xu et al.. These
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tools provide powerful tools for identifying spatial domains and characterising cellular heterogene-
ity. However, they remain descriptive representations of observed tissue and do not provide a gener-
ative model capable of simulating new cellular states or predicting unseen developmental stages.

Generative models aim to overcome these limitations by learning the joint distribution of cellular
states and spatial organization, enabling the simulation of realistic tissue landscapesLopez et al.;
Biancalani et al.. However, these approaches typically rely on unimodal latent priors or external ref-
erence mappings and do not explicitly model multimodal developmental transitions. Flow matching
Lipman et al.; [Tong et al,| offers a powerful alternative by learning a continuous vector field that
transports a simple prior to the data distribution. Yet, standard flow matching assumes a unimodal
(Gaussian) conditional velocity distribution, limiting its ability to capture complex biological pro-
cesses and typically lacking explicit spatial conditioning.

In this work, we combine spatial representation learning with flow-based generative modeling. We
first obtain spatially informed cell embeddings using the Spatially Embedded Deep Representation
(SEDR) framework Xu et al., which integrates gene expression profiles and spatial neighborhood
information into a low-dimensional latent space. Rather than modeling high-dimensional gene ex-
pression directly, our generative model operates on these spatially aware cell embeddings. On top of
this representation, we train flow-based generative models to learn the distribution of cellular states
across developmental timepoints and to generate new cells for unseen stages. To better capture the
multimodal structure of developmental cell populations, we extend standard conditional flow match-
ing by employing Gaussian Mixture Flow Matching (GMFlow) Chen et al.| (b), which models the
conditional velocity distribution as a mixture of Gaussians rather than a single Gaussian.

Our contributions are as follows:

* We propose a generative model of spatial transcriptomic data based on Gaussian Mixture
Flow Matching (GMFlow) applied to spatially aware cell embeddings derived from gene
expression and spatial information

* Our proposed model explicitly models cell type distributions in the data-generating model
of gene expression

* We benchmark against conditional flow matching (CFM) and investigate differences in cell
type distributions in generated cells.

2 METHODS

2.1 GAUSSIAN MIXTURE FLOW MATCHING

To model the complex distribution of cell features, we employ a generative approach based on recent
advances in flow matching. Specifically, we adopt the GMFlow model (Chen et al.|(b), a powerful
extension of standard flow matching that offers greater expressive power for capturing multimodal
data distributions, in our case, cell-type distributions over time during embryonic development.

Flow matching models learn a vector field that transports samples from a simple prior distribution
(e.g., Gaussian noise) to a complex data distribution. The key limitation lies in the assumption that
the conditional velocity p(u|x;) distribution learned by the model is a simple Gaussian. For complex
biological data, such as cell features in our study, this assumption is overly simplistic and fails to
capture the potential for multiple valid pathways in the generative process.

The GMFlow model addresses this limitation by modeling the conditional velocity distribution
p(ulx:) not as a single Gaussian, but as a more expressive Gaussian Mixture Model (GMM). The
predicted distribution gy (u|x) is defined as gg(u | ;) = Zszl A N (u; g, X) with  being the
noisy data point and K the number of Gaussian. Instead of predicting a single velocity vector, the
neural network learns to predict the parameters of this mixture: the means (), covariances (>, ),
and mixture weights (Ay) for K distinct Gaussian components. This allows the model to represent
a rich, multimodal distribution of potential velocities at every step of the generation process. The
model is trained by minimising the Kullback-Leibler (KL) divergence between the predicted GMM
go(u|x;) and the true (but intractable) velocity distribution p(u|x;). This is equivalent to minimising
the negative log-likelihood of the true velocity w under the predicted GMM, leading to the following
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loss function £ = E; ;, 4, [—log qo(u|z:)]. Expanded, this loss can be seen as a hybrid of regression
(distance to means) and classification (mixture weights) Chen et al.| (b)).

2.2 CONDITIONAL FLOW MATCHING

As a baseline comparison to our GMFlow approach, we adopt conditional flow matching (CFM) in
its simplest form, following the formulation introduced by [Tong et al.. CFM provides a simulation-
free objective for training continuous normalising flow by regressing a time-dependent vector field
to a known conditional velocity. During training, the model is conditioned on a randomly sampled
noise-data pair. Given this conditioning, the model learns to predict the instantaneous velocity that
transports a point along a simple interpolation between the source and target samples. Training is
performed using a mean-squared error regression loss, where the predicted velocity field is matched
to a known conditional target velocity derived from the sampled noise-target pair. In our work,
we use CFM with strictly independent noise-target sampling, without incorporating optional trans-
port coupling. This setup provides a simple and well-established baseline for comparison with our
GMFlow approach.

2.3 DATASET AND PREPROCESSING

To evaluate whether the GMFlow model characterises cell-type distributions more accurately
than standard baselines, we utilise the Mouse Organogenesis Spatiotemporal Transcriptomic At-
las (MOSTA) (Chen et al.|(a). This dataset provides a comprehensive spatiotemporal map of mouse
development across 8 stages (E9.5 - E16.5) using Stereo-seq at cellular resolution. We treat each
developmental time point as a distinct class, resulting in 8 condition classes. We held out the E13.5
time point from the training phase to serve as our unseen test set. The remaining cells from the other
timepoints were split into training and validation sets for model optimisation.

2.4  SPATIALLY-AWARE EMBEDDINGS WITH THE SPATIALLY EMBEDDED DEEP
REPRESENTATION FRAMEWORK

To generate robust, spatially-aware cell embeddings, we utilise the SEDR framework | Xu et al.l For
our analysis, we process each time point separately, subsampling to approximately 110,000 cells
and filtering the expression data to the 2,000 most highly variable genes. The SEDR model learns
a low-dimensional representation by simultaneously encoding transcriptomic profiles and spatial
information. Its architecture has two main components: a masked autoencoder learns a gene-feature
representation (Z ). In contrast, a variational graph autoencoder (VGAE) learns a spatial embedding
(Z4) from a K-nearest-neighbour graph of cell coordinates |Xu et al.|

The final cell embedding (Z) is the concatenation of these two representations, which we set to
a dimension of 32. All generative models in this work operate on these embeddings rather than
on the original high-dimensional gene expression profiles. To mitigate batch effects arising from
cells originating from different samplers at each time point, we employ the harmonisation strategy
discussed in the SEDR setup. This provides a unified and denoised latent space for our downstream
model representing gene expression and spatial patterns.

2.5 IMPLEMENTATION AND TRAINING CONFIGURATION

Both the CFM baseline and the GMFlow model were implemented using a 2-layer Multi-Layer Per-
ceptron (MLP) backbone. The models utilise an input dimension of 32 (corresponding to the SEDR
embedding size), a hidden dimension of 16, and an embedding dimension of 16. To encode the tem-
poral dynamics of the denoising process (diffusion timesteps), we use a sinusoidal embedding. For
the GMFlow model, we utilise 8 Gaussian components. While an initial target of 49 components
was considered to match the annotated cell classes in the MOSTA dataset, empirical testing showed
that the model achieved better stability and capacity utilisation with K=8. We employ the specialised
ODE sampler for GMFlow, which predicts a full distribution over velocities g (u|2;) rather than a
single mean velocity. While the framework supports custom SDE solvers, we observed no signifi-
cant performance improvement for these embeddings and hypothesise that SDE-based sampling is
more impactful for high-resolution image data than for tabular transcriptomic embeddings.
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Figure 1: Cell type proportions in ground truth (orange box) and generated cells (green box) from
the E13.5 stage of mouse embryonic development.

Table 1: Wasserstein distance between original and generated cells from E13.5 stage for both models

(CFM and GMFlow). The lower the distance, the better.

CFM GMFlow
Slice Mean Std Mean Std
E1S1 0.88 0.20 046 0.22
E1S2 093 0.20 0.51 0.22
E1S3 091 0.29 049 0.22
E1S4 0.88 0.20 046 0.22
Overall 09 0.20 047 022

3 RESULTS

3.1 CELL-TYPE DISTRIBUTION ANALYSIS

To evaluate generative performance on the held-out E13.5 stage, we generated 5,000 cells from each
model using 16 sampling steps (with an additional 16 subsampling steps for the GMFlow model)
(Figure [T). We assigned the generated cells to biological cell classes using a nearest-neighbour
approach based on the original cells in the E13.5 test set. Both models demonstrate a degree of
similarity to the original tissue distributions from the original slices. Cavity is the biggest part of the
generated cells. Cells classified as connective tissue begin to develop around the E13.5 stage and
are generated by both models. The same applies to lung cells, which the GMFlow mode captures to
a limited extent, whereas the CFM model does not.
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3.2 QUANTITATIVE EVALUATION VIA WASSERSTEIN DISTANCE

We further quantify the model accuracy in the SEDR embedding space using the Wasserstein dis-
tance. The Wasserstein distance (or Earth Mover’s Distance) calculates the minimum “work” re-
quired to transform the generated probability distribution into the original data distribution, pro-
viding a robust metric for global structural similarity. As shown in Table |1} the GMFlow model
consistently outperforms the CFM baseline across all slices from our test set. The GMFlow model
achieves a significantly lower mean Wasserstein distance compared to the CFM model. This lower
distance indicates that the Gaussian mixture approach more faithfully reconstructs the complex,
multimodal landscape of the developing mouse embryo.

4 DISCUSSION

In this work, we applied the GMFlow framework to generative modeling of spatial transcriptomics
data. By explicitly modeling the conditional velocity distribution as a Gaussian mixture, the aim is
to capture the intrinsic multimodality of cell-type distributions during embryonic development.

On the held-out E13.5 stage of the MOSTA dataset, both models, the GMFlow model and the
baseline CFM, reflect the underlying cell type distribution to some extent. In particular, GMFlow
achieved substantially lower Wasserstein distances across all slices, indicating improved structural
alignment in the learned embedding space.

In future work, we plan to augment our GMFlow model of gene expression with a spatial reconstruc-
tion module. We believe that such a joint model can unravel the true potential of explicit modeling of
cell-type distributional changes in spatial transcriptomics data, enhancing the generative modeling
for spatial biology for tasks such as cross-modal or perturbation response prediction.
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