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Abstract. Foundation models in biology have shown strong perfor-
mance in single-cell representation learning by applying transformer ar-
chitectures to gene-expression matrices. However, these approaches pre-
dominantly operate in static settings and do not explicitly model the tem-
poral evolution of developmental programs in the cell. Modeling such dy-
namics is important for understanding how cellular states progressively
emerge, differentiate, and reorganize during development or disease pro-
gression. Moreover, modeling regulatory interactions explicitly offers a
mechanistic view of cellular programs. In this work-in-progress paper,
we investigate an alternative temporal graph-based perspective in which
cellular states are represented through pseudotime-resolved gene regu-
latory networks (GRNs) and modeled as evolving graph structures over
persistent gene identities. Starting from single-cell transcriptomic data,
we infer pseudotime trajectories, discretize cells into developmental snap-
shots, reconstruct one GRN per snapshot, and apply temporal graph neu-
ral networks to forecast biological states. We evaluate this framework on
two publicly available mouse developmental datasets, erythroid gastrula-
tion and pancreatic endocrinogenesis, considering three complementary
tasks: gene-expression forecasting, link prediction, and out-degree cen-
trality prediction. Our results show that graph-based models outperform
well-known foundation-model such as scGPT and scFoundation, suggest-
ing that explicitly modeling evolving regulatory structure provides useful
information beyond static pretrained representations. For link prediction
and centrality forecasting, temporal graph learning captures non-trivial
regulatory dynamics and enables the identification of temporally impor-
tant gene hubs. Overall, our findings support temporal graph learning
as a promising direction for modeling dynamic biological systems and as
a complementary paradigm to current foundation model approaches in
single-cell biology.
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1 Introduction

Recent advances in single-cell transcriptomics and foundation models in biol-
ogy have significantly improved the ability to learn representations of genes,
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cells, and cellular states from large-scale transcriptomic datasets. In particular,
transformer-based architectures such as scGPT [1], scFoundation [2], and Gene-
former [3] have shown strong performance across a broad range of downstream
tasks, including cell annotation, perturbation prediction, and gene-expression
imputation. These approaches typically operate directly on gene-expression ma-
trices and learn contextualized representations through masked reconstruction
objectives analogous to masked language modeling. Despite these advances, most
existing approaches remain fundamentally static and do not explicitly model
the temporal evolution of cells. This limitation is particularly relevant in devel-
opmental biology, where cellular states continuously emerge, differentiate, and
reorganize over time and during disease progression. Modeling such dynamics
remains challenging because standard single-cell RNA sequencing technologies
are inherently destructive: each cell can only be observed once, preventing direct
temporal tracking of individual cellular trajectories. As a result, developmental
progression must instead be reconstructed computationally from large popula-
tions of asynchronously observed cells. Recent advances in pseudotime inference
and RNA velocity analysis have partially addressed this limitation by enabling
the reconstruction of ordered developmental trajectories from single-cell tran-
scriptomic data [4,5]. However, most existing methods still focus on modeling
cellular states independently and do not explicitly represent the evolving reg-
ulatory structure underlying developmental transitions. By explicitly modeling
regulatory interactions, gene regulatory networks can provide a more mechanis-
tic representation of cellular programs than gene expression profiles alone. At the
same time, recent progress in temporal graph learning has shown that temporal
graph neural networks (TGNNs) can effectively model evolving relational sys-
tems by jointly capturing structural dependencies and temporal dynamics across
graph snapshots [6]. This naturally raises the question of whether developmental
biological systems can be reformulated as evolving graph processes suitable for
temporal graph learning.

In this work-in-progress paper, we investigate temporal graph learning as
a framework for modeling and predicting the dynamics of biological systems
from single-cell transcriptomic data. Starting from single-cell gene-expression
matrices, we first reconstruct developmental trajectories through diffusion pseu-
dotime [5], discretize cells into developmental snapshots, and infer one gene
regulatory network (GRN) per pseudotime bin using SCENIC [7]. This pro-
cedure transforms developmental single-cell systems into discrete-time tempo-
ral graphs with persistent gene identities and evolving regulatory interactions.
Temporal graph neural networks are then applied to learn temporal node repre-
sentations and forecast future biological states. We evaluate this framework on
two publicly available mouse developmental datasets, erythroid gastrulation and
pancreatic endocrinogenesis, considering three complementary forecasting tasks:
future gene-expression prediction, future link prediction, and future out-degree
centrality prediction. Our results show that graph-based temporal models out-
perform widely used single-cell foundation models such as scGPT and scFounda-
tion on gene expression forecasting, suggesting that explicitly modeling evolving
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regulatory structure provides useful information beyond static pretrained rep-
resentations. Interestingly, spectral graph architectures such as ChebNet and
GCRN-GRU consistently emerge as some of the strongest-performing models
across tasks, suggesting that spectral graph convolutions may be particularly
well suited for the heterophilous and hub-centered structure of gene regulatory
networks.

Overall, our findings support temporal graph learning as a promising and
complementary paradigm to current foundation-model approaches for modeling
dynamic biological systems.

2 Background

Virtual cell modeling. Recent advances in foundation models for single-cell biol-
ogy have stimulated growing interest in virtual cell modeling, namely the devel-
opment of computational systems capable of simulating cellular states, pertur-
bations, and transcriptional responses [8,9]. Most existing approaches are based
on large pretrained transformer architectures trained through masked gene re-
construction objectives or perturbation prediction tasks [1, 2]. These models pri-
marily focus on learning contextualized representations of genes and cells from
large-scale transcriptomic corpora, enabling downstream applications such as
cell-state annotation, perturbation prediction, and gene-expression imputation.
Graph-based approaches such as GEARS [10] and HEIST [11] have introduced
explicit modeling of gene interactions. However, these methods still operate in
essentially static settings and do not explicitly model the temporal evolution
of regulatory programs across developmental trajectories. In contrast, temporal
graph learning provides a natural framework for modeling evolving biological
systems.

Temporal Graph Neural Networks. Temporal graph neural networks (TGNNs)
are deep learning models designed to learn, predict, and reason over evolving
relational structures. A comprehensive overview of the main architectures and
design choices is provided in recent surveys [6]. Existing TGNN approaches are
commonly categorized according to how temporal information is represented.
In continuous-time models, dynamic graphs are treated as streams of times-
tamped events, whereas in discrete-time or snapshot-based approaches, tempo-
ral networks are represented as ordered sequences of static graphs observed at a
chosen temporal granularity [12]. These two formulations target different types
of temporal dynamics and lead to substantially different modeling assumptions
and evaluation protocols. Event-based approaches are particularly suitable for
high-frequency interaction streams and fine-grained temporal reasoning tasks,
whereas snapshot-based approaches are better aligned with systems evolving
through relatively coherent temporal phases [13]. In this work, we focus on
discrete-time TGNNSs, since developmental biological systems naturally evolve
through progressive transcriptional states that can be represented as ordered
pseudotime-resolved snapshots. Among discrete-time TGNNs, some of the most
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effective architectures combine graph message passing with explicit temporal up-
date mechanisms. Common design strategies include parameter evolution [13],
recurrent embedding evolution [14], and temporal memory modules inspired by
sequence modeling [15]. Alternative lines of work incorporate temporal point pro-
cess (TPP) components to model event intensities and temporal dependencies,
offering a complementary perspective on temporal dynamics that can be adapted
to discretized settings [16]. Overall, these approaches highlight the importance
of jointly modeling structural dependencies within snapshots and temporal evo-
lution across snapshots.

Gene Regulatory Networks. Gene regulatory networks (GRNs) represent regu-
latory interactions between genes, transcription factors, and downstream tar-
gets, and constitute a fundamental abstraction for studying cellular regulation
and developmental processes. In GRNs, nodes correspond to genes, while di-
rected edges encode putative regulatory relationships inferred from transcrip-
tional activity patterns or prior biological knowledge. GRNs have been widely
used to study cell differentiation, developmental trajectories, disease progres-
sion, and transcriptional control programs [17]. A broad range of computa-
tional approaches has been proposed for GRN inference, including correlation-
based methods, information-theoretic approaches, regression models, probabilis-
tic graphical models, tree-based ensemble techniques, and deep learning approac-
ches [18-20]. More recently, single-cell transcriptomics has enabled the recon-
struction of context-specific GRNs at cellular resolution, allowing the study of
regulatory programs across heterogeneous cell populations and developmental
trajectories. Among the most widely adopted frameworks, SCENIC [7] com-
bines co-expression analysis with transcription factor motif enrichment to infer
biologically meaningful regulatory interactions from single-cell RNA sequencing
data. Despite the increasing availability of single-cell datasets, the vast major-
ity of existing GRN studies still treat regulatory networks as static objects. In
reality, regulatory programs evolve continuously during development, differen-
tiation, and cellular adaptation. Recent advances in pseudotime inference and
RNA velocity analysis [4] now make it possible to reconstruct ordered devel-
opmental trajectories from single-cell data, enabling the construction of GRNs
that evolve over developmental time. In this work, we leverage this setting to
study temporal graph learning over evolving regulatory networks and evaluate
whether TGNNs can model the future evolution of biological systems.

3 Methodology

Figure 1 provides an overview of the proposed temporal graph learning pipeline
for modeling and predicting the dynamics of biological systems. Starting from
single-cell gene-expression matrices, we first infer developmental trajectories
through pseudotime estimation [5], obtaining an ordered representation of cel-
lular progression across differentiation states. Cells are subsequently discretized
into pseudotime bins, and one gene regulatory network (GRN) is inferred for
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each temporal bin. This procedure yields a discrete-time temporal GRN rep-
resented as an ordered sequence of pseudotime-resolved graph snapshots. Tem-
poral graph neural networks are then applied to the resulting temporal GRNs
in order to learn temporal node representations that jointly capture regulatory
structure and developmental dynamics across snapshots. The learned temporal
embeddings are subsequently used for downstream forecasting tasks, including
future link prediction, future gene-expression prediction, and future out-degree
centrality prediction.
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Fig. 1: Overview of the proposed temporal graph learning pipeline for modeling
and predicting the dynamics of biological systems.

Temporal GRN construction. The input of the proposed pipeline is a single-cell
RNA sequencing dataset represented as a gene-expression matrix, where rows
correspond to genes, columns correspond to cells, and values represent gene-
expression levels. Starting from this representation, we first infer developmental
trajectories through diffusion pseudotime (DPT) [5], which assigns a continu-
ous scalar value to each cell representing its relative developmental progression
along the inferred trajectory. Diffusion pseudotime first constructs a neighbor-
hood graph of transcriptionally similar cells and then estimates developmental
progression through diffusion distances over this graph. We adopt DPT because
it provides biologically coherent temporal orderings of cells across the studied
developmental processes (see Appendix). Because pseudotime is defined at the
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single-cell level whereas GRN inference requires sufficiently large cell populations
to estimate gene—gene regulatory dependencies, cells are aggregated within tem-
poral bins before network reconstruction. Each bin therefore represents a locally
coherent developmental state from which one GRN snapshot can be inferred.
The number of bins is selected through a trade-off between temporal resolution
and statistical robustness of GRN inference. Smaller bins provide finer tempo-
ral resolution but may lead to unstable regulatory inference due to insufficient
numbers of cells, whereas larger bins improve statistical reliability at the cost
of smoothing temporal dynamics. In practice, we typically target approximately
at least 300-500 cells per temporal snapshot in order to maintain sufficiently
stable GRN inference while avoiding excessively coarse temporal aggregation.
Once, the number of bins is fixed, we devided the overall temporal trajectory
into equal width bins. For each pseudotime bin, we infer one gene regulatory
network (GRN) using SCENIC [7], one of the most widely adopted frameworks
for single-cell GRN inference. SCENIC first identifies candidate regulatory in-
teractions through gene co-expression analysis and subsequently refines them
through transcription factor motif enrichment analysis to obtain biologically
meaningful regulatory programs. The resulting biological system is modeled as
G® = (V;E®; X®:EM) represents the GRN inferred for pseudotime bin t.
Here, V denotes the set of genes, E®Y)  V  V the set of regulatory interactions
at time t, X() 2 RIVIXdx the node feature matrix, and E® 2 RIE®Ixde the
edge feature matrix. Node features are obtained through aggregation of gene-
expression statistics within each pseudotime bin, including mean, median, stan-
dard deviation, fraction of non-zero expression values, and total expression. Edge
features correspond to the confidence scores produced by the GRN inference pro-
cedure. The topology, node features, and edge attributes are therefore all allowed
to evolve across developmental pseudotime.

our objective is to predict future structural and functional states of the evolving
biological system from historical developmental snapshots.

— Future gene-expression forecasting: The first task is formulated as tempo-
objective is to predict future transcriptional changes between consecutive de-
velopmental snapshots. Rather than directly forecasting the full node-feature
vectors, we specifically predict the temporal variation in mean gene expres-
sion between snapshots t and t + 1. Formally, let X® 2 RIVI denote the
vector containing the mean expression value of each gene at time t. The task
consists of estimating

k(t+1) = X(t+1) X(t);
using the temporal history G<;. Predicting gene-expression is one of the
core objectives underlying modern single-cell foundation models, which are



