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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



Temporal graph learning for biology 3

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
a discrete-time temporal graph G = {GM), G ... G}, where each snapshot
GO = (V,E®, X® E®) represents the GRN inferred for pseudotime bin t.
Here, V denotes the set of genes, E(Y) C V x V the set of regulatory interactions
at time ¢, X € RIVIXd: the node feature matrix, and E®) € RIF”1xde 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.

Problem statement. Given a temporal gene regulatory network G = {G™) ... G},
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-
ral node-level regression. Given the historical sequence {G(l), ey G(t)}, the
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 ¢ and t 4+ 1. Formally, let x( € RIVI denote the
vector containing the mean expression value of each gene at time ¢. The task
consists of estimating

AR(HD Z g+ _ ()

using the temporal history G<;. Predicting gene-expression is one of the
core objectives underlying modern single-cell foundation models, which are
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commonly trained through masked gene-expression reconstruction objectives
analogous to masked language modeling [1, 2, 9]. Hence, gene-expression fore-
casting provides a natural setting to evaluate whether temporal graph learn-
ing offers advantages over biological foundation models for modeling dynamic
biological systems.

— Future link prediction: Given the historical sequence {G(l), .. .,G(t)}, the
goal is to predict the presence of regulatory interactions in the subsequent
snapshot G(*+1). Formally, for any pair of genes (i,j) € V x V, the task
consists of estimating the probability

g = P((i.4) € BTV | Goy).
Future link prediction serves as a standard benchmark task in temporal
graph learning and provides a useful validation of whether the constructed
pseudotime-resolved GRNs contain forecastable temporal structure.

— Future node centrality prediction: The third task is formulated as tempo-
ral node-level regression. Given the historical sequence {G(), ..., G®}, the
objective is to predict future node centrality values [21] in snapshot G,
Predicting future topological properties of evolving biological networks pro-
vides an additional perspective on the capabilities of temporal graph learning
beyond edge forecasting and gene-expression prediction. This task illustrates
a form of topological forecasting naturally enabled by temporal graph learn-
ing but not directly supported by standard tabular models or sequence-based
single-cell foundation models. While transformer-based foundation models
primarily operate on gene-expression reconstruction objectives, temporal
graph learning allows explicit modeling of the future structural role of genes
within evolving regulatory networks. In this work, we focus on future out-
degree centrality as one intuitive example of regulatory importance in gene
regulatory networks, since genes with high out-degree can be interpreted as
putative regulatory hubs controlling multiple downstream targets. Formally,
for each gene i € V, the out-degree centrality at time ¢ + 1 is defined as

out,(t41) _ 1 - (t+1)
’ = E 1 E
Cl |V| _ 1 JEV ((Z)j) G )7

where 1(-) denotes the indicator function.

4 Experiments

Ezxperimental setup. We evaluate temporal graph learning models on three fore-
casting tasks over pseudotime-resolved gene regulatory networks: future link pre-
diction, gene-expression forecasting, and future out-degree centrality prediction.
All experiments are conducted in the live-update setting [15], which explicitly
accounts for the evolving nature of developmental biological systems. Under this
protocol, models are first evaluated on the next temporal snapshot and subse-
quently refined on the newly observed data before proceeding to future times-
tamps. For future link prediction, we evaluate models using the area under the
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precision-recall curve (AUPRC), following prior work on temporal graph learn-
ing [22,23,13,24]. For each temporal snapshot, negative edges are sampled by
pairing genes that are active within the current snapshot but are not connected
by regulatory interactions. This strategy provides a more challenging and biolog-
ically realistic setting compared to uniformly sampling random node pairs, which
may generate trivially disconnected or inactive genes. For future gene-expression
forecasting, models predict the future variation in gene expression between con-
secutive pseudotime snapshots. We evaluate performance using Pearson correla-
tion coefficient (PCC) [2] together with Precision@200 for the most upregulated
and downregulated genes, allowing us to measure both global predictive accu-
racy and the ability to recover the strongest transcriptional transitions. Finally,
we evaluate future out-degree centrality prediction using mean absolute error
(MAE), Spearman correlation, and Precision@200 over the highest-centrality
genes. Code, data, and supplementary information about the experiments can
be found in our GitHub repository’.

Models. We considered a broad set of graph-based, temporal, tabular, and bi-
ological foundation-model baselines. As primary temporal graph learning base-
lines, we selected three widely adopted discrete-time temporal graph neural net-
works: EvolveGCN [13], GCRN-GRU [14], and ROLAND [15]. These models
represent two major paradigms in temporal graph learning, namely parameter
evolution and embedding evolution [6]. To evaluate the contribution of temporal
modeling, we additionally considered static graph neural network architectures,
namely GCN [25], GAT [26], and ChebNet [27]. We also included simple su-
pervised tabular baselines, such as a linear model and a three-layer MLP. To
compare against recent large-scale pretrained models for biology, we addition-
ally evaluated scGPT [1] and scFoundation [2]. These models provide pretrained
representations of genes and cells learned from large-scale single-cell datasets
through self-supervised tasks. A detailed description of all considered models is
provided in the Appendix. We plan to extend this benchmark with additional
foundation models in biology and more recent temporal attention-based archi-
tectures such as DyGFormer [28], which were originally proposed for event-based
temporal graph modeling and may provide additional advantages in modeling
long-range developmental dependencies.

Datasets. We evaluated temporal graph learning models on two publicly avail-
able single-cell developmental datasets commonly used in the RNA velocity lit-
erature [4]: mouse erythroid gastrulation [29] and mouse pancreas endocrinogen-
esis [30]. The erythroid gastrulation dataset captures early hematopoietic devel-
opment during mouse embryogenesis, whereas the pancreas dataset describes en-
docrine lineage differentiation during pancreatic development. For each dataset,
we constructed a temporal GRN following the methodology presented in Section
3. The resulting datasets contain 32 temporal snapshots for gastrulation and 12
snapshots for pancreas, reflecting the different pseudotime trajectory structures

! https://github.com/manuel-dileo/tgl-grn/
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snapshots of mouse gastrulation (a) and pancreas (b).
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observed in the two developmental systems [4]. We report the main dataset statis-
tics in Table 1. Overall, both datasets exhibit highly recurrent graph structures
over developmental time, with a progressively increasing fraction of recurring
regulatory interactions across pseudotime snapshots. The temporal evolution of
recurrent and novel edges is visualized in Figure 2. In particular, the gastrulation
dataset shows that only a relatively small fraction of interactions remain novel
after the first half of the developmental trajectory, suggesting that the global
regulatory backbone stabilizes rapidly during erythroid commitment while sub-
sequent developmental progression is primarily characterized by gradual rewiring
of an already established regulatory structure. Importantly, despite this strong
edge recurrence, pure memorization strategies such as EdgeBank still underper-
form temporal graph learning approaches for future link prediction (see below),
indicating that the datasets contain non-trivial temporal dynamics beyond sim-
ple edge persistence. Additional dataset analysis are available in the Appendix.

Table 1: Key dataset statistics. Avg recurrence is the averaged proportion of
recurrent edges over the snapshots.

Dataset #Nodes #Edges #Snapshots Avg recurrence
mouse-gastrulation 6,345 3,514,167 32 0.87
mouse-pancreas 7,197 4,153,514 12 0.68

Forecasting gene expression. We report the results in Table 2. Overall, scGPT
and scFoundation generally achieved lower performance than graph-based ap-
proaches despite leveraging large-scale biological pretraining, suggesting that
static foundation-model representations alone may be insufficient to capture the
temporal evolution of regulatory programs. In contrast, temporal graph mod-
els obtained the highest average performance, with GCRN-GRU achieving the
best Pearson correlation coefficient (PCC) on mouse gastrulation and competi-
tive performance on mouse pancreas. Interestingly, standard supervised tabular
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Table 2: Comparison of methods for gene-expression forecasting on mouse gas-
trulation and mouse pancreas. For each model, we ran experiments with 5 differ-
ent random seeds, reporting the average result and standard deviation for each
method. Higher PCC and P@200 indicate better performance. Best results are
in bold, second best are underlined.

mouse-gastrulation mouse-pancreas

Model pPCC P@200 1 P@200 | | PCC P@200 1 P@200 |

Linear 0.062 + 0.04  0.041 +0.05  0.007 + 0.02 | 0.107 + 0.05 0.058 + 0.06  0.057 + 0.11
MLP 0.206 £ 0.20 0.014 + 0.03  0.063 & 0.14 | 0.434 + 0.09 0.098 £ 0.09  0.350 & 0.11
scFoundation 0.100 + 0.16  0.040 + 0.06  0.043 £ 0.08 | 0.308 + 0.12 0.178 + 0.15 0.127 + 0.13
scGPT 0.084 £ 0.09  0.014 +0.04 0.006 + 0.02 | 0.319 + 0.13  0.084 + 0.07  0.208 + 0.16
GCN 0.336 = 012 0.080 = 0.05  0.323 £ 0.17 | 0.278 & 0.13  0.083 = 0.05  0.182 = 0.10
GAT 0.363 £ 0.14  0.046 + 0.05  0.335 £ 0.17 | 0.368 & 0.11  0.079 £ 0.05  0.319 = 0.10
ChebNet 0.397 £ 0.11  0.082 + 0.05 0.387 & 0.14 | 0.423 + 0.11  0.087 + 0.05 0.354 + 0.12
EvolveGCN 0.346 = 012 0.084 £ 0.04  0.328 £ 0.18 | 0.320 & 0.11  0.099 & 0.07  0.220 & 0.14
GCRN-GRU 0.400 £ 0.11  0.086 & 0.05 0.378 & 0.15 | 0.425 &£ 0.08  0.099 £ 0.05  0.333 % 0.13
ROLAND (ChebConv+ GRU) 0.134 £ 0.09 0.110 + 0.09 0.084 + 0.07 | 0.219 £ 0.08 0.173 £ 0.10  0.124 % 0.09

baselines such as MLPs achieved competitive PCC values on mouse pancreas,
indicating that local expression statistics already contain substantial predictive
information. A notable observation is that the strongest-performing graph archi-
tectures were predominantly based on spectral graph convolutions, namely Cheb-
Net and GCRN-GRU. One possible explanation is related to the heterophilous
and hub-centered structure of gene regulatory networks, where transcription fac-
tors act as central regulators connected to multiple downstream target genes in
star-like topologies. Under this structure, spectral convolutions may more effec-
tively propagate information across multi-hop neighborhoods, allowing regulated
genes sharing the same transcription factor to exchange information through
short graph paths while potentially mitigating some of the limitations commonly
associated with standard message-passing architectures [31]. This hypothesis will
be investigated more systematically in planned future work on this project. Fi-
nally, the relatively small performance gap between ChebNet and the temporal
GCRN-GRU architecture suggests that, in many cases, considering the imme-
diately preceding GRN snapshot may already be sufficient to predict the next
developmental state. This observation may indicate that pseudotime-resolved
GRN evolution is locally smooth and that long-range temporal memory mecha-
nisms provide only limited additional benefit for these forecasting tasks.

Link prediction. We report the average AUPRC results in Table 3. Overall,
temporal graph learning approaches achieved the strongest performance across
both datasets. In particular, GCRN-GRU consistently obtained the best average
AUPRC on both mouse gastrulation and mouse pancreas, substantially outper-
forming standard message-passing architectures such as GCN and GAT. To bet-
ter highlight the contribution of temporal modeling in GCRN-GRU compared to
pure memorization and static graph approaches, we compare its temporal per-
formance trend against EdgeBank and ChebNet in Figure 3. Results show that
GCRN-GRU consistently maintains the best performance across developmental
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Table 3: Average AUPRC over time of the considered models for future link
prediction on the gene regulatory networks. For each model, we ran experiments
with 5 different random seeds, reporting the average result and standard devia-
tion for each method.

Model mouse-gastrulation mouse-pancreas
EdgeBank 0.88 £0.00 0.80 £ 0.00
GCN 0.56 4+ 0.05 0.56 = 0.04
GAT 0.62 £ 0.07 0.51 £0.01
Chebnet 0.91 £0.01 0.88 +0.09
Evolve GCN 0.61 + 0.06 0.64 +0.04
GCRN-GRU 0.95 +0.01 0.94 +£0.03
ROLAND (ChebConv+ GRU) 0.87£0.04 0.86 + 0.02
1.0 1.0
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Fig. 3: Performance trends over time for EdgeBank (blue line), Chebnet (orange
line), and GCRN-GRU (green line) models for link prediction on mouse gastru-
lation (a), and pancreas (b).

time, including later pseudotime snapshots where recurrency of edges is high.
In contrast, the static ChebNet baseline exhibits larger fluctuations and lower
performance over time.

Forecasting future regulatory hubs. We report the results in Table 4. Overall,
spectral graph convolution architectures achieved substantially stronger perfor-
mance than standard message-passing approaches across both datasets and met-
rics. We qualitatively investigate the biological relevance of the predicted regula-
tory hubs in the Appendix. Overall, the temporal organization of the predicted
hubs was coherent with known transitions underlying hematopoietic commit-
ment and erythroid maturation.

5 Conclusion

In this work-in-progress paper, we investigate temporal graph learning as a
framework for modeling and predicting the evolution of biological systems from
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Table 4: Comparison of methods for out-degree centrality forecasting on mouse
gastrulation and mouse pancreas. For each model, we ran experiments with 5
different random seeds, reporting the average result and standard deviation for
each method. Lower MAE is better, while higher Spearman and P@200 indicate
better performance. Best results are in bold, second best are underlined.

mouse-gastrulation ‘ mouse-pancreas

Model MAE Spearman P@200 ‘ MAE Spearman P@200

Linear 0.037 £ 0.00  0.009 + 0.02  0.140 £ 0.02 | 0.034 & 0.00 -0.010 4 0.02  0.110 4 0.02
MLP 0.040 £0.01  0.177 £ 0.08  0.229 £ 0.07 | 0.036 & 0.00  0.106 £ 0.07  0.175 & 0.05
GCN 0.037 £ 0.01  0.046 + 0.06  0.156 & 0.04 | 0.033 £ 0.00  0.055 + 0.05  0.151 & 0.03
GAT 0.036 = 0.01  0.084 + 0.11  0.197 & 0.11 | 0.033 & 0.01  0.131 £ 0.08  0.207 & 0.07
ChebNet 0.007 £ 0.01 0.496 £ 0.02  0.729 £ 0.06 | 0.007 £ 0.01 0.503 £ 0.01 0.848 + 0.05
EvolveGCN 0.036 £ 0.00  0.094 + 0.08  0.190 £ 0.07 | 0.033 £ 0.00 0.082 + 0.06  0.185 & 0.05
GCRN-GRU 0.005 + 0.00 0.499 + 0.02 0.741 + 0.05 | 0.007 + 0.01  0.492 £+ 0.02  0.808 + 0.05
ROLAND (ChebConv+ GRU) 0.020 &+ 0.01  0.485 £ 0.04  0.713 + 0.07 | 0.012 4+ 0.01  0.501 + 0.01  0.832 4 0.03

single-cell transcriptomic data. We represent developmental cellular states as
pseudotime-resolved gene regulatory networks and model them as evolving graph
structures over persistent gene identities. This formulation enabled the applica-
tion of temporal graph neural networks to developmental systems despite the ab-
sence of explicit temporal observations of individual cells. We evaluate this frame-
work on mouse erythroid gastrulation and pancreas endocrinogenesis consider-
ing three complementary forecasting tasks: future gene-expression prediction,
future link prediction, and future out-degree centrality prediction. Across tasks,
temporal graph learning approaches consistently achieved strong performance,
with spectral graph architectures such as GCRN-GRU, emerging as particularly
effective. For gene-expression forecasting, graph-based models outperformed bio-
logical foundation-model baselines such as scGPT and scFoundation, suggesting
that explicitly modeling evolving regulatory structure provides useful informa-
tion beyond static pretrained representations. For link prediction and future hub
forecasting, temporal graph learning captured non-trivial regulatory dynamics
and enabled the identification of temporally important regulatory genes. Overall,
our findings support temporal graph learning as a promising and complemen-
tary paradigm to current foundation-model approaches for modeling dynamic
biological systems. Future work will extend this benchmark to additional de-
velopmental datasets, biological foundation models, and more recent temporal
attention-based architectures for dynamic graph learning.
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Appendix

Additional information on Dataset

Pseudotime organization of developmental trajectories. We report in Figure 4
the UMAP visualization of the gastrulation and pancreas single-cell datasets
together with the corresponding diffusion pseudotime estimates used to con-
struct temporal GRN snapshots. In both datasets, the inferred pseudotime co-
ordinates were consistent with the underlying cellular organization and revealed
smooth developmental progressions across transcriptional states. The gastrula-
tion dataset displayed a continuous transition from blood progenitors toward
erythroid populations, whereas the pancreas dataset showed progressive orga-
nization across endocrine and epithelial cell populations. These results indicate
that diffusion pseudotime provides a biologically coherent temporal ordering of
cells and supports the construction of pseudotime-resolved gene regulatory net-
works for downstream temporal graph learning analyses.
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Fig. 4: Diffusion pseudotime and cell-type UMAP visualization for mouse gas-
trulation (a)—(b) and pancreas (c¢)—(d) datasets.

Additional information on models

We considered a broad set of graph-based, temporal, tabular, and biological
foundation-model baselines. In the following, we briefly summarize the consid-
ered architectures.

Static graph neural networks. We first considered standard graph neural network
architectures.

— GCN [25]: Graph Convolutional Networks perform message passing through
neighborhood aggregation based on a normalized graph Laplacian opera-
tor. Each layer updates node representations by combining information from
neighboring nodes and applying a learned linear transformation.

— GAT [26]: Graph Attention Networks extend standard graph convolutions
through attention mechanisms that assign learnable importance weights to
neighboring nodes during message aggregation. This allows the model to
adaptively focus on the most relevant local interactions.

— ChebNet [27]: Chebyshev Networks perform spectral graph convolutions
through truncated Chebyshev polynomial approximations of the graph Lapla-
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cian. Unlike standard message-passing approaches, ChebNet naturally incor-
porates information from multi-hop neighborhoods within a single layer while
avoiding explicit recursive propagation over immediate neighbors only.

Temporal graph neural networks. We adopt three state-of-the-art discrete-time
temporal graph neural networks as primary temporal baselines.

— EvolveGCN [13]: EvolveGCN captures the dynamics of graph sequences
by evolving the parameters of graph convolutional layers through recurrent
neural networks. Instead of directly learning static GNN parameters, the
model uses recurrent updates to adapt the graph convolution weights over
time, enabling temporal parameter evolution across snapshots.

— GCRN-GRU [14]: GCRN-GRU generalizes recurrent neural networks to
graph-structured data by replacing the linear transformations inside GRU
cells with graph convolution operators. In our implementation, spatial in-
formation is modeled through Chebyshev spectral convolutions [27], while
recurrent gating mechanisms capture temporal dependencies between con-
secutive GRN snapshots.

— ROLAND [15]: ROLAND is a framework for extending static GNNs to dy-
namic graph settings through explicit node-state evolution across time. Node
embeddings at different graph convolutional layers are interpreted as hierar-
chical node states, which are updated as new graph snapshots are observed.
In this work, message passing is implemented using Chebyshev spectral con-
volutions [27], while temporal updates are modeled through gated recurrent
units (GRUs), which has been shown as the most effective node update so-
lution for discrete-time temporal networks [15].

Biological foundation models. We additionally considered recent large-scale bio-
logical foundation models pre-trained on massive collections of single-cell tran-
scriptomic data.

— scGPT [1]: scGPT is a generative transformer model for single-cell biology
inspired by large language models. The model learns contextualized rep-
resentations through autoregressive and masked gene-expression prediction
objectives, primarily producing cell-level embeddings that capture global
transcriptional states across cells. To adapt scGPT to temporal GRN fore-
casting tasks, we first compute pretrained cell embeddings for all cells and
subsequently aggregate them /by average) within each pseudotime snapshot
to obtain a snapshot-level embedding representation. This pooled embed-
ding is then concatenated to node-level gene features and used as additional
contextual information for downstream temporal graph learning tasks.

— scFoundation [2]: scFoundation is a large-scale pretrained transformer ar-
chitecture specifically designed for large-scale single-cell representation learn-
ing. Unlike scGPT, which primarily focuses on contextual gene prediction,
scFoundation emphasizes scalable representation learning across tens of mil-
lions of cells through hierarchical embedding strategies and large-scale masked
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reconstruction objectives. It additionally provides gene-level representations,
making it particularly suitable for gene-level downstream tasks. To adapt sc-
Foundation to temporal GRN forecasting, we compute pretrained gene em-
beddings across cells and aggregate them within each pseudotime snapshot to
obtain snapshot-specific gene representations, which are subsequently used
as node-level features for downstream forecasting tasks.

For experiments on mouse datasets, both scGPT and scFoundation were
applied after converting mouse genes to their corresponding human orthologs
using MousePy 2, allowing compatibility with the human-pretrained vocabularies
of the considered biological foundation models while preserving alignment with
the original GRN node identities.

Biological investigation of predicted regulatory hubs

To qualitatively investigate the biological relevance of the predicted regulatory
hubs, we report in Figure 5 the temporal heatmap of the predicted future out-
degree centrality for the top regulatory hubs identified by the best-performing
temporal graph learning model across developmental GRN snapshots of ery-
throid mouse gastrulation. To compute this heatmap, we first identify the top
20 highest predicted centralities over time, and then ask to forecast their com-
plete temporal centrality profile to model checkpoints trained up to the previ-
ous temporal snapshot. The recovered trajectories were consistent with known
hematopoietic and erythroid developmental programs. Early pseudotime stages
were characterized by elevated predicted centrality for proliferative and biosyn-
thetic regulators, including E2f8, Ran, and multiple ribosomal-associated genes.
In contrast, later developmental stages showed increasing importance of canon-
ical hematopoietic and erythroid regulators such as Kif1, Spil, Erg, and Meisl,
which are known to play key roles in erythroid differentiation and hematopoietic
specification [32-35]. Overall, the temporal organization of the predicted hubs
was coherent with known transitions underlying hematopoietic commitment and
erythroid maturation.

2 https:/ /newcraftgroup.github.io/mousepy /index.html, June 2026.
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Fig.5: Temporal heatmap of the predicted future out-degree centrality for the
top regulatory hubs identified by GCRN-GRU on mouse-gastrulation dataset.



