Learning Drosophila ventral furrow formation with
graph neural networks
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Abstract

During early embryonic development, a relatively homogeneous population of cells
collectively and spontaneously self-organize into complex structure. Understanding
how tissue architecture guides these coordinated cell behaviors is essential for
explaining how embryo reliably build structures that ultimately form the adult
organism. Therefore, decoding the spatiotemporal information of tissue structure
and dynamics is a central question in developmental biology. A paradigm process
is the Drosophila gastrulation, during which the apical constriction gives rise to
the formation of a ventral furrow, a critical step towards forming complex tissue
structures. In this process, tissue morphologies and cell dynamics are closely
correlated. Many prior biophysical models employ a graph representation of
tissue structure, where the cells evolve following the gradient of a pre-defined
free energy functional. Here we instead explore using graph neural networks to
uncover the relation between tissue structures and dynamics from data, during the
dynamical process of Drosophila ventral furrow formation. To do so, we build an
experimental video dataset consisting of 320 fully segmented live-imaging movies,
capturing the formation of ventral furrow over time. On this dataset, we use a
graph neural network to learn individual cell speed from tissue structures, achieving
good performance. Our results, along with the dataset, set the stage for future
exploration of using graph neural networks for predictive modeling of embryonic
development.

1 Introduction

The ability of a sheet of epithelial cells to spontaneously fold into specific structures is a fundamental
process in development [1H3]]. An important example is ventral furrow formation in Drosophila [4,15].
During early stages of Drosophila embryonic development, the apical constriction of ventral cells
gives rise to the formation of a furrow. This process is a key mechanism for the embryo to form
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complex tissue structures. The Drosophila ventral furrow formation provides a powerful system to
study the interaction between physical and biological factors that regulate tissue remodeling [5. [6].
Importantly, the physical properties and mechanical interactions between cells are shown to be critical
factors regulating tissue folding processes, and recent studies reveal the complex interplay between
the geometries and dynamics of living tissues [7H13]].

Many recent modeling works in the context of biophysics and active matter seek to elucidate such
structure-dynamics interplay through vertex models, where a tissue is paramterized by vertex cells,
and it evolves by the gradient flow of pre-defined free energy functional, typically in a quadratic
form of cell area and perimeter [14H18]]. While these models successfully describe certain physical
properties of tissues, they often fail to make predictions at single-cell resolution.

Nevertheless, a large number of prior biophysical models suggest a graph representation of the
tissue structure (e.g. Voronoi cells, Delaunay triangles), making graph neural networks (GNNs) a
promising candidate to model relation between structure and dynamics from data. Indeed, recent
studies demonstrate GNNs as a powerful method to study cell and tissue dynamics [19-24]]. However,
to our knowledge, there has not been study focused on modeling the structure-dynamics interplay
during ventral furrow formation, a paradigm process of early embryonic development, and this is
particularly limited by the amount of publicly available video data.

In this work, we explore using GNNs to model the structure-dynamics relation during tissue develop-
ment. Specifically, we organize a dataset consisting of 320 optical live-imaging videos of Drosophila
ventral furrow formation. We segment all the movies and tracked the cells over time. On this fully
segmented dataset, we use GNNs for a regression task of predicting cell movement speed from static
tissue structural configurations. We further quantify the contribution of different geometric features.
Our work demonstrates that GNN is a suitable approach to model tissue morphodynamical processes.
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Figure 1: Drosophila ventral furrow formation. (a) Schematic showing the lateral view of a Drosophila
embryo. The ventral furrow is highlighted. A, anterior side, P, posterior side, D, dorsal side, V, ventral
side. (b) Example frames of a time-lapse optical live-imaging movie capturing the ventral furrow
formation, where the cells in the middle of the field of view fold inside the embryo, forming a furrow.
Scale bar, 50 um.

2 Drosophila ventral furrow formation video dataset

The videos were collected in one of the author’s laboratory in the past years, and we curated the
dataset by manually screening for imaging quality, field of view consistency, and complete coverage
of the ventral furrow formation process. As a result, we obtain a dataset of 320 organized optical
live-imaging videos. Time-lapse videos are acquired using fluorescence microscopy to capture the
ventral furrow formation, with cell boundaries fluorescently labeled (Fig. ). The collection contains
both wild type embryos and embryos in which specific genes are perturbed by RNA interference.
This combination of normal and perturbed conditions provides a rich and diverse dataset that captures
both typical morphogenetic dynamics and a range of variant phenotypes, making it well suited for
training and evaluating machine learning models.



3 Methods

Cell segmentation and tracking. We segment the videos using CellPose with its embedded ’cyto3’
network [235]] to obtain cell masks in each frame. From cell masks, we extract cell centroids and
track their trajectories by nearest-neighbor matching between consecutive frames using a customized

script. The cell speed is calculated by || M |l2 where r(¢) is the centroid coordinate of the cell
at time ¢, and 7 is the lag time.

Graph construction. Based on the segmented cell masks, we represent each cell as a node and
define edges between adjacent cell pairs. To construct features, we fit polygons to the cell masks,
and by default we compute the area, perimeter, and relative coordinates of the polygons as the
node features, and compute the length of the shared junction and the cell-cell distance as edge
attributes. To further explore position-aware information beyond local geometric descriptors, we add
positional embeddings by computing Laplacian eigenvector positional encodings [26]]. The resulting
positional encodings provide a structural coordinate system that captures the global topology of the
cell adjacency graph, and are concatenated to the original node features.

Model architecture. The GNN models are implemented in PyTorch Geometric [27]. The models
are composed of multi-layer graph convolution, with normalization layers in between. We exper-
iment with different types of graph convolution, including Principal Neighbourhood Aggregation
(PNA) [28]], Graph Transformer (GT) [29]], and DeeperGCN [30]].

Training pipeline. We filter the dataset by requiring each graph (i.e., each frame of a video) to
contain more than 200 cells with the median of cell shape index (perimeter/\/area) smaller than
4.0. This procedure removes only low-quality frames that fail to meet the criteria. All 320 videos
remain represented in the final dataset. We split train/validation/test datasets by videos to avoid
data leakage across sets. We train the model for 200 epochs using the L1 loss and the AdamW [31]]
optimizer with weight decay (le-3). The learning rate is scheduled by a ReduceLROnPlateau strategy
(monitoring the validation loss in min mode, factor 0.5, patience 15, minimum learning rate le-5).
Gradient clipping (max norm 1.0) and automatic mixed precision training are employed for stability
and efficiency. When node features include absolute cell positions, we apply rigid geometric data
augmentations such as flips, mirror reflections, axis swaps, translations, and jitter noise to improve
invariance to orientation and coordinate shifts. The model checkpoint with the lowest validation loss
is selected for evaluation on the held-out test set. For reproducibility, we fix random seeds for Python,
NumPy, and PyTorch. We repeat each experiment with three independent seeds and report the mean
and standard deviation across runs.

4 Results

4.1 Cell graphs and trajectories.

(b)

Figure 2: (a) Example segmented cell masks, indicated by different colors. (b) Example cell
trajectories, shown in different colors.

Example segmentation and tracking results are shown in Fig. 2] where panel (a) captures tissue
structures through accurate detection of cell boundaries, and panel (b) demonstrates cell dynamics by
reliably tracking individual cells across frames during ventral furrow formation. Below, we explore
using a GNN model to establish a relation between structure and dynamics.



4.2 A regression task on cell speed from static graph configuration.

To study the interplay between tissue structures and § W/ geometry features

cell dynamics, we use a GNN model, where we provide w/o geometry features
constructed graphs (cell as nodes and cell-cell adjacency
as edges) as input and cell speed as output. As shown in
Fig.[3] the model incorporating cell geometry features
achieves good performance.

We notice that cell movement exhibits different distri-
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at longer lag times. The gain from geometry features
is smaller at shorter lag times, which we attribute to
the predominance of diffusive cell movements in this
regime. In contrast, when ballistic motion patterns be-
come more prevalent, the tissue structure features are
more informative for predicting cell speed.

Figure 3: Mean absolute error (um/s) on
the test dataset, at different lag time, with
and without geometry features. Results
are averaged across three independent
runs and the error bars report one stan-
dard deviation.

4.3 Cell geometry embedding with different GNN models.

Geometric descriptors are critical for representing cell structures and interactions, and play an
important role in the regression task. By default, we provide cell area, perimeter, and relative position
coordinates as the node features, together with cell junction length and cell-cell distance as the edge
features, which achieves a mean absolute error of 0.0145+0.0007 (um/s). Removing these geometric
features damages the performance (Table[I)). To quantify the contribution of each type of geometric
feature, we add each feature back, using different variants of GNN. Using partial geometric features
underperforms using the complete set. However, interestingly, different types of features yield similar
performance (Table I, indicating that these cell geometric features provide correlated information.
Across different architectures, PNA consistently achieves the lowest error, while DeeperGCN and GT
perform similarly. The inclusion of positional embeddings (PE) substantially improves performance
in the absence of geometric features, while adding PE brings only marginal benefit when structural
information is already included, and the benefit is relatively larger for the DeeperGCN architecture.

GNN models bridge cell geometric structures and tissue dynamics by capturing cell-cell interactions in
the neighbourhood defined by the graph structure. Starting from this basic task, we can further explore
the relationship between these geometric variables and how different combinations of geometric
features contribute to tissue-level behaviors in the future.

Table 1: Mean absolute error (um/s) on the test set across GNN variants under different configurations
of input geometric features, with and without PE.

Without PE
Model Full N/A Area Perimeter Coordinates Junction length Cell-cell distance
PNA 0.0145 & 0.0007  0.0177 £ 0.0003  0.0146 £ 0.0005 0.0147 & 0.0005  0.0154 £ 0.0014  0.0156 £ 0.0003  0.0158 & 0.0017
GT 0.0151 +0.0005  0.0180 £ 0.0003  0.0160 £ 0.0005  0.0164 &+ 0.0005  0.0159 £ 0.0010  0.0179 £ 0.0002  0.0163 + 0.0007
DeeperGCN  0.0150 + 0.0006  0.0185 4 0.0001  0.0161 + 0.0003  0.0175 £ 0.0005 0.0187 4 0.0031  0.0169 + 0.0004 0.0174 £ 0.0011
With PE
Model Full N/A Area Perimeter Coordinates Junction length Cell-cell distance
PNA 0.0143 4+ 0.0008  0.0159 £ 0.0008  0.0144 £ 0.0007  0.0147 & 0.0008  0.0160 £ 0.0011  0.0152 £ 0.0011  0.0160 % 0.0010
GT 0.0156 &+ 0.0008  0.0161 £ 0.0007  0.0155 £ 0.0007  0.0156 & 0.0007  0.0163 £ 0.0008 0.0164 £ 0.0006 0.0162 % 0.0006

DeeperGCN  0.0151 £0.0010  0.0166 + 0.0013  0.0157 4 0.0011  0.0157 £0.0010  0.0165 4 0.0012  0.0156 £ 0.0009  0.0163 £ 0.0015




5 Conclusion and Outlook

In this work we organize a dataset consisting of 320 optical live-imaging movies capturing the
ventral furrow formation during the dynamic process of Drosophila gastrulation. On this dataset, we
explore using GNN models on a regression task to learn individual cell speed from the multicellular
tissue structure. We further use the task as a framework to investigate the influence of different cell
geometric features. By providing a fully segmented, large-scale collection of ventral furrow movies,
our work establishes a new benchmark for quantitatively evaluating structure—dynamics relation in
developmental biology. Taken together, our study demonstrates that GNNs provide a useful strategy
for modeling the structure—dynamics relation during embryonic development.

For future studies, there are several interesting directions. First, incorporating equivariant architec-
tures could allow the model to better respect symmetries and potentially improve generalization.
Second, extending the current regression formulation to temporal or generative models, such as
autoregressive or diffusion models, would allow capturing full morphogenetic trajectories. Third,
integrating physically informed constraints could ensure the model to be consistent with known tissue
mechanical principles. Finally, expanding the dataset to include a broader range of perturbations,
developmental stages and modalities would further strengthen the model’s ability to study complex
tissue morphodynamical processes.
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