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Abstract
Inferring gene regulatory networks (GRNs) from single-cell RNA se-
quencing (scRNA-seq) data offers insights into cellular behavior, but
is complicated by the lack of temporal information and the preva-
lence of dropout noise. To address these challenges, we present
FlowGRN, a method that integrates conditional flow matching and
score matching for robust cell-level trajectory reconstruction with
dynGENIE3 for scalable GRN inference. FlowGRN incorporates
a novel cell similarity measure that is resilient to dropout effects
in high-dimensional scRNA-seq data. Evaluation on the BEELINE
benchmark demonstrates that FlowGRN achieves state-of-the-art
performance on both synthetic and experimental datasets. Ablation
studies validate the importance of both the dropout-robust simi-
larity measure and the trajectory reconstruction step, highlighting
FlowGRN’s ability to accurately model regulatory relationships.

CCS Concepts
• Applied computing → Recognition of genes and regula-
tory elements; Bioinformatics; • Computing methodologies →
Neural networks.
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1 Introduction
Gene regulatory networks (GRNs), which map the intricate in-
terplay between genes and their regulators, are fundamental to
our understanding of cellular life. Accurate deciphering of these
networks is essential for elucidating cellular processes and for de-
signing therapeutic strategies against complex diseases [45]. Recent
advances in single-cell RNA sequencing (scRNA-seq) technology
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have enabled the profiling of gene expression at the single-cell
level, providing a wealth of data and valuable insights into cellular
dynamics. However, accurately inferring GRNs from scRNA-seq
data remains challenging, primarily because sequencing data are
snapshots of cellular states, lacking explicit dynamic information,
and dealing with extremely high-dimensional gene spaces.

Current scRNA-seq technology requires stopping the cell evo-
lution process to capture snapshots of cell states. To balance se-
quencing depth and resolution, the sampling time points are often
sparse, and thus key dynamic changes such as cell transitions are
unobserved. Thus, cell developmental trajectories are lost during
sequencing, and the low temporal resolution further hinders our
ability to restore cellular dynamics. In addition, GRN inference
involves tens of thousands of genes. At this scale, the Euclidean dis-
tance becomes less informative due to the curse of dimensionality,
and the scalability of inference methods becomes a critical issue.

Facing the challenges of loss of cell dynamics and high dimen-
sionality, researchers have taken various approaches to infer GRNs
from scRNA-seq data. Given that gene regulation involves inter-
actions between macromolecules governed by the laws of physics
and chemistry, ordinary differential equations (ODEs) have become
a natural choice for modeling dynamics. Different methods based
on ODEs, both statistical [3, 24] and deep learning-based [37, 42],
have been proposed to model cellular dynamics. However, these
methods either oversimplify the system or are computationally in-
tractable because of the high dimensionality. Additionally, restoring
dynamics relies on accurate pseudotime estimations for each cell.
However, the performance of different pseudotime estimation algo-
rithms varies on the same dataset [34], and many GRN inference
methods [29, 32] are highly sensitive to pseudotime accuracy [31].

Another research track maximizes scalability by discarding tem-
poral information and treating the scRNA-seq data as a static
snapshot. GRN inference methods such as GENIE3 [16], GRN-
BOOST2 [26] and PIDC [5] are widely used and show promising
results on various benchmarks [7, 31]. They infer regulatory re-
lationships by quantifying the information gain of each gene in
predicting other genes, or the unique information decomposed from
the mutual information between genes. Although these methods
are powerful, scalable, and supported by statistical theories, they
discard temporal information and make the direction of regulations
unidentifiable [39]. The loss of dynamic information and the high-
dimensionality problem constitute a dilemma in GRN inference,
and the community is urging the development of a precise, scalable,
and identifiable GRN model that utilizes temporal information and
reconstructs cell dynamics in the high-dimensional gene space.
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Recently, conditional flowmatching (CFM) [2] has been proposed
to use a neural network to model the vector field that flows high-
dimensional data from one distribution to another. Compared to
traditional neural ODEs [37, 42], CFM can learn the flow in >10,000
dimensions efficiently by making a specific assumption about the
distribution of pairings between the source and target distributions.
This motivated us to utilize CFM to reconstruct cellular trajectories
and infer the GRN from scRNA-seq data.

In practice, we noticed that the heavy dropout noise in scRNA-
seq data introduces additional uncertainty to the measurement of
the distance between cells, which is a cornerstone in dynamic mod-
eling. Dropouts are a common phenomenon in scRNA-seq data,
where a gene is not detected in a cell even though it is expressed [17].
Some imputation methods [8, 14, 46] have been proposed to restore
missing gene expression from its neighbors and latent data geome-
try. Unfortunately, they bring additional false positive edges to the
inferred GRN, thus the imputed data are not suitable for GRN infer-
ence [22]. To address dropout noise, we propose a new similarity
measure that is robust to dropout in high-dimensional spaces.

In this work, we utilize advances in conditional flow matching
and score matching [43] to reconstruct cellular trajectories. We then
employ dynGENIE3 [15], a dynamic version of GENIE3, to infer
an identifiable GRN from the reconstructed cellular trajectories
with thousands of genes. We propose a new similarity measure to
address dropout noise, which experimentally shows robustness to
dropout. By combining advances in CFM for dynamics modeling,
reliable dynGENIE3 for GRN inference, and a dropout-robust cell
similarity measure, our scalable GRN inference solution, FlowGRN,
outperforms state-of-the-art methods for directed GRN inference
in terms of precision. Our contribution is summarized as follows:

• We propose a new cell similarity measure that shows robust-
ness to dropout and the curse of dimensionality.

• We apply this new measure on conditional flow matching
and show that it can reconstruct cellular trajectories with
non-linear dynamics, scalable up to 1,783 genes.

• We show that the gradient of the ODEs cannot accurately
infer GRNs because of indirect regulations, thus dynGENIE3
is used to infer the GRN from the learned trajectory.

• Our method, FlowGRN, has the highest average precision
rank in the BEELINE benchmark [31] on experimental datasets.

Our method is available at https://github.com/1250326/FlowGRN.

2 Related Work
2.1 Gene regulatory network inference
ScRNA-seq data are the primary source for GRN inference, provid-
ing snapshots of cell states in the form of a series of gene expression
profiles. To ensure sufficient sequencing depth and resolution, sam-
pling time points are often sparse, which limits the application
of time-series models. Correlation-based methods [20, 40], infor-
mation theory-based methods [5, 9, 23, 32] and regression meth-
ods [13, 29, 35] provide a statistically sound approach to infer GRNs
from limited data. However, these methods are bound by the devel-
opment and strong assumptions of statistical theories. ODE-based
methods [3, 24] attempt to model cell dynamics with linear ODEs,
which oversimplify system complexity and are computationally
inefficient on large GRNs.

Taking advantage of the rapid development of machine learning,
ensemble methods [15, 16, 26] offer powerful and scalable options
for GRN inference. GENIE3 [16] and GRNBOOST2 [26] are the most
recognized and widely used for GRN inference, and the latter is
the default option in the SCENIC [1] protocol for coarse selection
of regulatory pairs. Both methods train a tree ensemble model to
predict the expression of each target gene from other genes, and
use the importance score in each model to quantify the regulatory
relationships. dynGENIE3 [15] aims to incorporate temporal in-
formation, but their reliance on continuous cellular trajectories,
which are unobservable in destructive snapshot-based scRNA-seq,
has largely limited their application to simulated datasets rather
than real-world scenarios. Recently, researchers have tried to bor-
row concepts from deep learning, such as convolutional neural
networks [6, 10, 33], variational autoencoder (VAE) [38], and ex-
plainable AI [19]. However, many of these emerging deep learning
methods have not yet matched the ensemble methods in terms of
accuracy and scalability, limiting their practical application.

GENIE3 and its variants have dominated the field of GRN in-
ference since 2010, and researchers have sought breakthroughs
from multi-omics data. Representative methods [11, 18] integrate
scRNA-seq data with scATAC-seq and spatial transcriptomics data
to infer GRNs. Interested readers can refer to recent reviews [4, 21].
Although multi-omics data offer new perspectives for GRN infer-
ence, revolutionizing our understanding of cell dynamics using
only scRNA-seq data remains an important long-term challenge.

2.2 The curse of dimensionality
A full-genome GRN inference task contains approximately 20,000
protein-encoding genes. If we further consider protein-protein in-
teractions, the network size would be even larger. Thus, scalability
is a critical challenge in GRN inference. Some methods [24, 37]
address this challenge using linear mapping and VAE to compress
the high-dimensional gene space into an actionable latent space.
Latent space is a powerful tool for dimensionality reduction, and it
is widely used in scRNA-seq data visualization and analysis [25, 27].
However, compressing gene expression into a lower-dimensional
latent space can obscure individual gene interactions. This can lead
to difficulties in accurately reconstructing gene-specific dynamics
and potentially introduce spurious relationships when mapping
latent interactions back to the gene level.

Fortunately, GRN is sparse, and only a small fraction of genes are
regulated by each other. This enables feature selection and stability
selection approaches to tackle high dimensionality. In brief, feature
selection methods select a subset of genes from the whole genome
and use them to train models, while stability selection identifies
important genes that consistently contribute to the feature-selected
models in multiple runs. Contemporarymethods [3, 13, 40] combine
two selection methods and show promising results on different
benchmarks [31, 49]. Notably, the popular GENIE3 [16] also uses
a similar approach in general, because its underlying algorithm
is random forest, which uses multiple subsets of genes to train
decision trees, and the importance score of each gene is averaged
across all trees. This suggests that the ideas of feature and stability
selection are widely applicable in GRN inference.

https://github.com/1250326/FlowGRN
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2.3 Technical noise in scRNA-seq data
10x Genomics sequencing technology offers a high-throughput and
cost-effective solution for capturing transcripts in individual cells,
but it brings additional dropouts to the gene expression matrix.
Jiang et al. [17] classified zero reads from sequencing into biologi-
cal, technical, and sampling zeros. Biological zeros are caused by
silent genes and uncaptured transcriptional bursts, technical ze-
ros are caused by inefficient reverse transcription from mRNA to
cDNA, and sampling zeros are caused by inefficient amplification
and low sampling depth. Thus, only biological zeros and nonzero
reads are informative for GRN inference, while technical zeros
and sampling zeros are recognized as dropouts. However, most
mainstream regression-based [3, 13, 15, 16, 24, 26] and correlation-
based [20, 40] methods simply use Euclidean distance and do not
adequately account for dropout effects. This introduces biases in
modeling, which affect the GRN inference accuracy.

3 Preliminaries
3.1 Notations and problem definition
A scRNA-seq dataset contains a series of 𝑛 gene expression profiles
𝑋 = {𝑋 (𝑡0 ) , 𝑋 (𝑡1 ) , · · · , 𝑋 (𝑡𝑛−1 ) }, each profile𝑋 (𝑡𝑖 ) ∈ R𝑔,𝑐𝑖 contains𝑔
genes and 𝑐𝑖 cells sampled at time 𝑡𝑖 . A cell 𝑥 ∈ R𝑔 can be viewed as
a point in the 𝑔-dimensional gene space. A GRN is a directed graph
G = (V, E, 𝜔), whereV is the set of genes, E ⊂ V×V is the set of
edges, and 𝜔 : E → R is the weight function (regulation strength).
Positive (Negative) weights indicate activation (inhibition) regula-
tions. An adjacency matrix 𝐴 ∈ R𝑔×𝑔 is a matrix representation of
the GRN, where 𝐴𝑖, 𝑗 = 𝜔 (𝑖, 𝑗) if (𝑖, 𝑗) ∈ E and 𝐴𝑖, 𝑗 = 0 otherwise.
We aim to infer the directed GRN G from the scRNA-seq dataset 𝑋
without prior knowledge of the GRN structure.

3.2 Conditional flow and score matching
Cellular trajectories are crucial for inferring gene regulatory net-
works (GRNs). In a parallel field, structure inference, researchers
have shown that trajectory data alone can accurately reconstruct
the underlying dynamics of a system [48–50]. This motivates us to
reconstruct the cellular trajectories to facilitate GRN inference.

Neural ODE is a powerful framework for modeling dynamical
systems: it learns a vector field whose ODE solution matches ob-
served time-series data. Recent methods, such as TrajectoryNet [42]
and TIGON [37], have successfully applied neural ODEs to scRNA-
seq data. However, their reliance on ODE integration makes them
computationally expensive and numerically unstable, limiting their
applications to small gene sets (< 50) or low-dimensional latent
spaces. To overcome these limitations, we adopted the [SF]2M
model [43], an integration-free conditional flow matching (CFM)
and score matching model. [SF]2M leverages optimal transport (OT)
plans between snapshots to define target vector fields, guiding the
learning of the dynamics driving cellular transitions.

CFM trains the vector field referenced to the displacement be-
tween the two distributions, whereas neural ODEs train the vec-
tor field referenced to the observed trajectories, thereby incurring
costly ODE integration. Unlike lineage-level trajectory inference
methods such as Slingshot [41] and Monocle3 [44], CFM can re-
construct cell-level trajectories. Viewing scRNA-seq snapshots as a

sequence of gene-expression distributions, CFM is a natural choice
for learning the vector field driving those flows.

Score matching also trains a vector field, but refers to the score of
the distributions of the cell trajectories, restricting the divergence
of the CFM model to observed regions. Score matching can be
viewed as the valley in the Waddington landscape, where the vector
field points toward regions of higher probability. In practice, score
matching is used as regularization to the CFM model, and the cell
dynamics is captured by the CFM model.

In a theoretical sense, [SF]2Mcan be seen as solving a Schrödinger
bridge problem whose marginal evolution of densities is governed
by the Fokker-Planck equation. They model cellular dynamics
by the stochastic differential equation (SDE) with the form 𝑑𝑥 =

𝑢𝑡 (𝑥)𝑑𝑡 +𝑔(𝑡)𝑑𝐵𝑡 , where 𝑢𝑡 (𝑥) is the drift and 𝑑𝐵𝑡 is the Brownian
motion. This SDE, together with the initial distribution 𝑝0, induces
probability paths 𝑝𝑡 via the continuity equation 𝜕𝑡𝑝𝑡 = −∇ · (𝑢𝑡𝑝𝑡 ).
[SF]2M decomposes the drift 𝑢𝑡 into two components: probability
flow drift 𝑢◦𝑡 = 𝑢𝑡 − 1

2𝑔
2 (𝑡)∇𝑙𝑜𝑔𝑝𝑡 and score 1

2𝑔
2 (𝑡)∇𝑙𝑜𝑔𝑝𝑡 , which

points to regions of higher probability.
Thus, the dynamics can be learned by minimizing two neural

networks 𝑣𝜃 , 𝑠𝜃 with the following loss function Lunconditional:

E
[

𝑣𝜃 (𝑥, 𝑡) − 𝑢◦𝑡 (𝑥)



2 + 𝜆(𝑡)2 ∥𝑠𝜃 (𝑥, 𝑡) − ∇𝑙𝑜𝑔𝑝𝑡 (𝑥)∥2
]
, (1)

where the expectation is taken over 𝑡 ∼ U(0, 1), 𝑥 ∼ 𝑝𝑡 (𝑥), and
1
2𝑔(𝑡)

2 is absorbed into the positive weight 𝜆(𝑡)2. 𝑣𝜃 is called the
flow matching model, and 𝑠𝜃 is the score matching model.

Since 𝑝𝑡 is intractable, [SF]2M conditioned on the OT plan 𝜋

to guide the flow. For a given pair of distributions 𝑝0 and 𝑝1, the
OT plan 𝜋 is the joint distribution of (𝑥0, 𝑥1) ∼ 𝑝0 × 𝑝1, which
minimizes the cost function 𝑐 (𝑥0, 𝑥1). Sampling the OT plan 𝜋 gives
(𝑥0, 𝑥1), which allows us to compute:

𝑢◦𝑡 (𝑥 |𝑥0, 𝑥1) =
1 − 2𝑡
𝑡 (1 − 𝑡) (𝑥 − (𝑡𝑥1 + (1 − 𝑡)𝑥0)) + (𝑥1 − 𝑥0)

∇𝑙𝑜𝑔𝑝𝑡 (𝑥 |𝑥0, 𝑥1) =
𝑡𝑥1 + (1 − 𝑡)𝑥0 − 𝑥

𝜎2𝑡 (1 − 𝑡) , (2)

when 𝑔(𝑡) = 𝜎 is a constant and thus the loss function Lconditional
is written as:

E
[

𝑣𝜃 (𝑥, 𝑡)−𝑢◦𝑡 (𝑥 |𝑥0, 𝑥1)

2+𝜆(𝑡)2 ∥𝑠𝜃 (𝑥, 𝑡)−∇𝑙𝑜𝑔𝑝𝑡 (𝑥 |𝑥0, 𝑥1)∥2] (3)

where the expectation is taken over 𝑡 ∼ U(0, 1), (𝑥0, 𝑥1) ∼ 𝜋, 𝑥 ∼
𝑝𝑡 (𝑥 |𝑥0, 𝑥1).

4 Our Method FlowGRN
To address the identified challenges in GRN inference, we propose
a novel method, FlowGRN, comprising three key components.
• A dropout-robust cell similarity measure that quantifies the geo-
desic distance between cells in high-dimensional gene space to
solve the dropout noise (detailed in Alg. 1 in the Appendix).

• A conditional flow matching and score matching model that
learns the underlying vector fields and restores cell trajectories.

• The dynGENIE3 model that infers an identifiable GRN from the
learned trajectories.

Figure 1 illustrates the overall pipeline of FlowGRN, and Alg. 2 in
the Appendix summarizes the training procedure.
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Figure 1: The overall pipeline of FlowGRN. (a) Compute 𝑑raw after dropping zeros in each cell pair. (b-c) Train CFM 𝑣𝜃 and score
matching 𝑠𝜃 models to learn the cell dynamics. (d) Restore cell trajectories. (e) Infer GRN with dynGENIE3 from trajectories.

4.1 Dropout-robust cell similarity measure
The scalability of [SF]2M comes from the use of the optimal trans-
port (OT) plan 𝜋 to guide the flow. OT plan 𝜋 is the joint distri-
bution of 𝑥0 ∼ 𝑝0 and 𝑥1 ∼ 𝑝1 that minimizes the cost function
𝑐 (𝑥0, 𝑥1). The cost function is usually defined as the Euclidean dis-
tance ∥𝑥0 − 𝑥1∥2, but this metric is severely affected by the dropout
noise in the scRNA-seq data and ignores the underlying geometry
of the gene expression data manifold.

In Section 2.3, we discuss that only biological zeros and nonzero
reads are informative for GRN inference, while technical zeros
and sampling zeros are recognized as dropout. Thus, the zeros are
corrupted by dropout, while the non-zeros do not. This enlightens
us to only use non-zeros to quantify the cell similarity.

Given two cells 𝑥,𝑦 ∈ R𝑔 , let the set of non-zero genes in 𝑥 and 𝑦
be 𝑆𝑥 = {𝑖 |𝑥𝑖 ≠ 0} and 𝑆𝑦 = {𝑖 |𝑦𝑖 ≠ 0}, respectively. The size of the
intersection 𝑆𝑥,𝑦 = 𝑆𝑥 ∩ 𝑆𝑦 is |𝑆𝑥,𝑦 |. We define the dropout-robust
cell similarity measure 𝑑raw (𝑥,𝑦) as:

𝑑raw (𝑥,𝑦) =
1

|𝑆𝑥,𝑦 |
∑︁

𝑖∈𝑆𝑥,𝑦
|𝑥𝑖 − 𝑦𝑖 |. (4)

Here, the L1 norm is used to avoid distance inflation due to the
different sizes of the intersection sets |𝑆𝑥,𝑦 |. If 𝑆𝑥,𝑦 is an empty set,
a large 𝑑raw will be assigned to indicate dissimilarity. Although
this measure discards the information from the biological zeros, it
ensures that the distance is not affected by any dropout noise.

Addressing the geometric structure of the gene expression man-
ifold is not a new idea and has been used in various tasks such as
visualization [25, 27], imputation [46, 47], and reconstruction of de-
velopmental trajectory [36]. We first build a mesh graph𝐺𝑘𝑛𝑛 from
the gene expression matrix𝑋 using k-nearest neighbors (kNN) with
our cell similarity measure 𝑑raw (𝑥,𝑦). Then, the final cell similarity
𝑑𝑘𝑛𝑛 is defined as the shortest path distance on the mesh graph
𝐺𝑘𝑛𝑛 . The shortest path distance can be efficiently calculated using
Dijkstra’s algorithm. This design brings geometry awareness to the
cell similarity measure and robustness on dropout noise. The new
measure is detailed in Alg. 1 in the Appendix, and its effectiveness
is tested in Section 6.5.

4.2 Trajectory reconstruction with CFM
With the cell similarity 𝑑𝑘𝑛𝑛 , we can apply the CFM model to learn
the underlying vector field 𝑣𝜃 (𝑥, 𝑡) and reconstruct the trajectories.
We first apply Slingshot [41] to the dataset 𝑋 and obtain the cell
lineages. Trajectories are reconstructed per lineage to encode the
lineage information and maximize parallelism.

Since gene expression values are non-negative, we must ensure
that the reconstructed trajectories are also non-negative. Constrain-
ing the boundary of the vector field or enforcing a strictly positive
gradient at the boundary are not ideal solutions, as they bring addi-
tional complexity and numerical instability. We solve this issue by
converting the expression value 𝑥 ∈ R𝑔

≥0 to a log domain 𝑥 ′ ∈ R𝑔

through the following transformation T :

𝑥 ′ = T (𝑥) =
{
𝑙𝑜𝑔(𝑥 + 𝜖) + 1, if 𝑥 < 1
𝑥 + 𝜖, if 𝑥 ≥ 1,

(5)

where 𝜖 is a small positive value to avoid undefined logarithm. This
ensured that the transformation is𝐶1 differentiable at 𝑥 = 1 so that
training did not get stuck at the discontinuity during optimization.
In addition, the transformation magnifies low expression values
and avoids compressing high expression values, thereby capturing
cell dynamics at different scales.

We train the CFM and score matching models following the
procedure in Section 3.2 in the log domain with the loss function
Lconditional, conditioned on the OT plan 𝜋 with the cell similarity
measure 𝑑𝑘𝑛𝑛 as the cost function. The trajectories can be recom-
puted by solving an initial value problem (IVP) starting from 𝑥 ′ (𝑡):

𝑥 ′ (𝑡+Δ𝑡) = 𝑥 ′ (𝑡)+
∫ 𝑡+Δ𝑡

𝑡

𝑣𝜃 (𝑥 ′ (𝑠), 𝑠) 𝑑𝑠, 𝑡0 ≤ 𝑡+Δ𝑡 ≤ 𝑡𝑛−1 . (6)

For each cell 𝑥 observed at time 𝑡𝑖 , its transformed state 𝑥 ′ (𝑡𝑖 ) =
T (𝑥 (𝑡𝑖 )) serves as an anchor point. We then generate its trajectory
segments by solving the IVP 𝑑𝑥 ′/𝑑𝑡 = 𝑣𝜃 (𝑥 ′, 𝑡) forward from 𝑡𝑖
to 𝑡𝑛−1 and backward from 𝑡𝑖 to 𝑡0. An intuitive workflow of this
algorithm is outlined in the first half of Alg. 2 in the Appendix.
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4.3 GRN inference from the learned trajectory
The learned trajectory 𝑥 (𝑡) = T −1 (𝑥 ′ (𝑡)) is a time series of gene
expression to be fed into dynGENIE3 to infer the GRN.

dynGENIE3 [15] is an extension of GENIE3 [16] that incorporates
temporal information into the GRN inference process. Same as
GENIE3, dynGENIE3 uses random forest 𝑓𝑗 to model each target
gene 𝑗 in a cell trajectory 𝑥 (𝑡):

𝑑𝑥 𝑗 (𝑡)
𝑑𝑡

= 𝑓𝑗 (𝑥 (𝑡)) − 𝛼 𝑗𝑥 𝑗 (𝑡), (7)

where 𝛼 𝑗 is the decay rate of gene 𝑗 and 𝑑𝑥 𝑗 (𝑡 )
𝑑𝑡

is approximated by
finite differences:

𝑑𝑥 𝑗 (𝑡)
𝑑𝑡

=
𝑥 𝑗 (𝑡 + Δ𝑡) − 𝑥 𝑗 (𝑡)

Δ𝑡
. (8)

The importance score I𝑗 (𝑖) of each random forest model 𝑓𝑗 is used
to quantify the regulatory strength of the gene 𝑖 on 𝑗 and to build
the adjacency matrix𝐴[𝑖, 𝑗] = I𝑗 (𝑖). This will give a directed graph
as the importance scores I𝑗 (𝑖) and I𝑖 ( 𝑗) are not equal in general.

To determine the type of regulation (activation or inhibition), we
use the learned vector field 𝑣𝜃 . Specifically, for each potential edge
𝑖 → 𝑗 , we evaluate the sign of the (𝑖, 𝑗)-th element of the Jacobian
matrix, (∇𝑥 ′𝑣𝜃 (𝑥 ′, 𝑡))𝑖, 𝑗 , at multiple points (𝑥 ′, 𝑡) corresponding
to the observed cellular states. The final regulation type (activa-
tion/inhibition) is assigned based on a majority vote of these signs
(positive/negative). This approach allows us to assign regulation
types, a feature not available from the standard dynGENIE3 output.

5 Experiments
5.1 Datasets and evaluation metrics
We tested our method on the BEELINE [31] benchmark, which in-
cludes 6 synthetic datasets, 4 curated datasets, and 7 experimental
datasets. Synthetic data sets include linear (LI), linear long (LL),
cyclic (CY), bifurcating (BF), bifurcating converging (BFC), and tri-
furcating (TF), capturing common dynamics such as long cascades
and furcating branches. Curated datasets include mCAD, VSC, HSC,
and GSD, whichmimic the reported biological processes. Both types
of datasets are simulated with BoolODE [31] to generate 10 sets of
simulated scRNA-seq data with 2,000 cells.

Experimental datasets are real gene expression profiles from
sequencing data. There are 7 sets of gene expression profiles from
human andmouse cells, namely hESC, hHep, mDC, mESC, mHSC-E,
mHSC-GM, and mHSC-L. The top 500 (1,000) high-variance genes
and their corresponding transcription factors are selected from
each dataset, matching the “TFs + 500 (1,000) genes” in the BEE-
LINE benchmark. Although BEELINE provides cell-type-specific
and non-cell-type-specific GRNs as reference networks, these ref-
erence networks have not been updated since 2020. We retrieved
the gene regulations from DoRothEA [12] and CollecTRI [28] and
used them as reference networks. Their data statistics are shown
in Table 2 in the Appendix.

We compare FlowGRNwith the baselines on the BEELINE bench-
mark, which includes LEAP [40], SCODE [24], GRISLI [3], GRN-
VBEM [35], SINCERITIES [29], Scribe [32], GENIE3 [16], and GRN-
BOOST2 [26]. Among the listed baselines, only SCODE, GRNVBEM,
SINCERITIES, and FlowGRN support inference of edge types (ac-
tivation/inhibition). Here, we excluded SCNS [51] as it requires

prior knowledge of GRN, and we excluded ppcor [20] and PIDC [5]
because they cannot determine the direction of regulations.

We evaluate the performance of FlowGRN and the baselines on
the BEELINE benchmark using Area under Precision-Recall Curve
(AUPRC), which emphasizes the precision of the inferred GRN and
minimizes the false positive rate, with higher values indicating
better performance.

5.2 Experimental Setup
We first construct a series of snapshots for each dataset by clus-
tering cells and ordering each cell cluster by their average pseudo-
time. Details of the preprocessing are described in Appendix A.1.
During trajectory reconstruction, 𝑣𝜃 , 𝑠𝜃 in the [SF]2M model are
implemented as MLPs with 5 hidden layers, each with 128 hidden
units and SELU activations. Both neural networks are optimized by
AdamW with a learning rate of 10−4 decayed by a factor of 2 every
100 epochs. Models are trained for 1,000 epochs with a batch size
of 64 samples. Trajectories are integrated using a DOPRI5 neural
ODE solver [30] with an absolute and relative tolerance of 10−7. All
neural network models are trained on a single NVIDIA V100 SXM2
GPU with 16GB memory, although the peak memory usage is less
than 1GB and can be run on a domestic computer.

In GRN inference, dynGENIE3 is used with the default parame-
ters: 1,000 random forest trees, each trained with √

𝑔 genes. dynGE-
NIE3 is trained on a computing node with 128 CPUs at 2.6GHz and
256GB memory. All baselines are also run on the same platform
within a given 48-hour time interval, using their default parame-
ters wrapped in a Singularity container to ensure reproducibility.
Each method, including FlowGRN, is run 10 times with different
random seeds on each dataset. Model elapsed times are recorded
and reported in Table 5 in the Appendix for scalability analysis.

6 Results and Discussion
6.1 FlowGRN infers identifiable GRNs in

simulated data
We first evaluate FlowGRN on the BEELINE benchmark using both
synthetic and curated datasets, and the average AUPRC is shown in
Figures 2. FlowGRN has the highest average rank of AUPRC among
all models, significantly surpassing the second-best GENIE3.

Although FlowGRN adopts dynGENIE3, a temporal extension of
GENIE3, FlowGRN outperforms GENIE3, especially in the LL and
CY datasets. The LL dataset features long cascades, indicating that
FlowGRN effectively captures long-range gene expression depen-
dencies. The CY dataset is characterized by cyclic dynamics, thus
determining the edge direction is crucial for the GRN inference.
Incorporating temporal information enables FlowGRN to capture
the principal direction of cyclic dynamics, which static models like
GENIE3 struggle with.

6.2 FlowGRN determines edge types in
simulated data

We further test FlowGRN’s ability to determine the activation and
inhibition edges on top of the directed GRN inference. Figure 3
shows the average AUPRC of FlowGRN and the baselines on the
BEELINE benchmark with edge types. Note that there are fewer
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BF BFC LI LL CY TF mCAD VSC HSC GSD

LEAP

SCODE

GRISLI

GRNVBEM

SINCERITIES

Scribe

GENIE3

GRNBOOST2

FlowGRN (Ours)

41.82 34.30 48.54 22.65 32.31 56.34 56.90 29.05 29.59 24.02

36.37 21.74 19.24 7.59 16.16 43.90 71.59 31.70 21.17 22.12

28.78 23.10 16.39 35.31 22.84 31.20 77.07 26.27 31.92 28.92

31.04 35.86 35.41 30.66 16.13 38.23 41.83 16.09 32.89 26.96

21.80 16.94 15.54 7.67 16.32 28.14 57.93 33.60 22.17 24.33

39.40 36.80 50.90 25.93 41.04 43.81 54.68 26.48 26.48 28.49

34.49 33.64 39.58 33.21 35.34 51.77 55.05 74.15 45.15 28.12

33.55 25.10 35.92 28.82 36.03 45.90 56.84 59.53 36.63 29.23

41.15 37.13 53.30 69.03 71.60 55.19 58.35 77.54 37.14 31.02

AUPRC (in %)

Average Rank

4.6

6.6

5.6

6.4

7.4

4.7

3.9

4.3

1.5

Figure 2: Average AUPRC and its average rank of directed
GRN inference models on simulated datasets out of 10 runs.

BF BFC LI LL CY TF mCAD VSC HSC GSD

SCODE

GRNVBEM

SINCERITIES

FlowGRN (Ours)

16.32 13.46 12.68 3.29 15.69 19.87 34.83 27.51 11.40 11.45

35.29 35.23 37.69 15.67 23.43 29.99 36.00 29.48 27.45 17.68

13.49 11.81 8.24 18.53 8.75 17.29 47.85 39.96 16.61 15.51

39.03 37.50 53.54 34.74 72.50 40.64 46.62 67.27 26.24 13.87

AUPRC (in %)

Average Rank

3.5

2.1

3.0

1.4

Figure 3: Average AUPRC of directed GRN inference models
with edge types on simulated datasets out of 10 runs.

baselines capable of inferring edge types. FlowGRN achieves the
best performance in 8 out of 10 datasets and remarkably surpasses
the second-best model, GRNVBEM.

6.3 FlowGRN is a top-tier model on
experimental data

We compared FlowGRNwith the baselines on 7 experimental datasets,
and their performances are listed in Table 1. The main difficulties
of these datasets are the high dimensionality and the presence of
dropout, as discussed in Sections 2.2 and 2.3. Most baselines success-
fully completed the tasks, except for GRNVBEM, which failed to
complete half of its tasks within a 48-hour time span, and SINCERI-
TIES, which exhibits numerical errors on the mHSC-E and mHSC-L
datasets. The model run times are reported in Table 5 in the Appen-
dix. Our model is as scalable as GENIE3 and GRNBOOST2, which
can be trained in less than 10 minutes.

LEAP, GENIE3, and FlowGRN are the top-tier models on both
metrics, ranking 1st or 2nd in over half of the tasks. LEAP, GENIE3,
and FlowGRN all adopt the idea of feature selection in their method-
ologies (Section 2.2), suggesting that feature selection is crucial for
GRN inference in high-dimension with sparse interactions.

Our model demonstrates scalability up to 1,783 genes. How-
ever, it achieves only average performance in the mDC and mESC
datasets. This can be attributed to the low number of cells (383 and
421 cells) in both datasets, which is approximately half the number
of cells in the other datasets. Insufficient cell samples may result in

inadequate information for the model to accurately capture com-
plex gene interactions, particularly in deep learning models. We
believe that this issue can be addressed by simplifying the model’s
complexity or incorporating biological priors into the CFM.

6.4 Trajectory reconstruction is irreplaceable
We performed an ablation study on the use of reconstructed tra-
jectories in the GENIE3 and FlowGRN models, and the results are
shown in Table 3 in the Appendix. GENIE3 initially relies on static
gene expression data, but we may also use the restored trajectories
as augmentations. The latter approach is labeled as “GENIE3 (w/
traj.)”. In FlowGRN, the trajectories reconstructed by the CFM are
fed to the dynGENIE3 model. However, we may also use the trained
vector field 𝑣𝜃 from the CFM model to reconstruct GRN directly
from its Jacobian ∇𝑥 ′𝑣𝜃 , labeled as “FlowGRN (w/o traj.)”.

This ablation study demonstrates that trajectory reconstruction
is an indispensable component in the FlowGRN model, as the per-
formance of FlowGRN without trajectories is significantly lower
than that with trajectories. This is because the chain rule allows
one gene to influence another indirectly via other genes, making it
challenging to discern direct regulations from gene expression.

However, the effect of trajectory is almost tied in the GENIE3
model. Although augmented trajectories may be helpful in some in-
stances, the formulation of GENIE3 is not designed to leverage these
trajectories. Although both GENIE3 and dynGENIE3 train random
forest models and extract the network in the same way, GENIE3
aims to capture interactions from static states, while dynGENIE3
focuses on dynamic modeling. Thus, the performance of GENIE3
with dynamic information is not significantly better than that with-
out trajectories. Additionally, data augmentation introduces noise
to GENIE3, which may also impact performance.

6.5 Dropout-robust measure boosts GRN
inference

We conducted another ablation study to justify the design of our
dropout-robust measure on the experimental datasets. We com-
pared the FlowGRN model with and without the dropout-robust
measure, and with and without the kNN graph geodesic distance.
Both components are defined in Section 4.1, and the results are
shown in Table 4 in the Appendix. Although performance differ-
ences are minor and within standard deviations, results show that
the dropout-robust measure 𝑑 is the primary driver of the improve-
ment, especially on the “TFs + 1,000 genes” dataset, suggesting that
the dropout-robust measure is essential in our noise-corrupted task.

7 Conclusion and Limitations
In this paper, we propose FlowGRN, a novel deep learning model
for inferring GRNs from scRNA-seq data. FlowGRN is a combi-
nation of a CFM model and an ensemble tree model that recon-
structs gene expression trajectories and infers the GRN from the
reconstructed trajectories. To mitigate the impact of dropout, we
proposed a dropout-robust cell similarity measure that captures
cell-cell similarity in the presence of dropout.

We evaluated FlowGRN on the BEELINE benchmark and com-
pared it with eight state-of-the-art GRN inferencemodels. FlowGRN
demonstrated top-tier performance in both synthetic and curated
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Table 1: AUPRC (×10−3) of directed GRN inference models on experimental datasets out of 10 runs. The best and second-best
results are highlighted in bold and underlined, respectively. “OT” and “NE” mean “over time in a 48-hour time span” and
“numerical error”, respectively.

dataset hESC hHep mDC mESC mHSC-E mHSC-GM mHSC-L

TFs + 500 genes
LEAP 11.91±0.00 12.99±0.00 2.38±0.00 5.36±0.00 1.94±0.00 2.00±0.00 1.28±0.00
SCODE 10.00±0.10 10.56±0.04 2.01±0.04 0.84±0.03 1.50±0.02 1.30±0.03 0.94±0.01
GRISLI 11.05±0.00 10.57±0.00 2.95±0.00 0.51±0.00 1.65±0.00 1.21±0.00 1.29±0.00
GRNVBEM OT OT 2.34±0.00 0.55±0.00 1.62±0.00 1.39±0.00 1.14±0.00
SINCERITIES 12.47±0.00 10.60±0.00 2.69±0.00 0.51±0.00 1.49±0.00 1.37±0.00 1.18±0.00
Scribe 10.67±0.00 9.64±0.00 1.83±0.00 0.53±0.00 1.65±0.00 1.38±0.00 1.12±0.00
GENIE3 10.50±0.01 9.75±0.02 2.10±0.01 3.01±0.10 3.02±0.43 2.44±0.08 1.95±0.10
GRNBOOST2 11.97±0.02 11.42±0.02 2.32±0.01 2.45±0.62 1.78±0.04 1.93±0.11 1.63±0.37
FlowGRN (Ours) 12.53±0.11 12.66±0.19 2.32±0.03 1.83±0.15 3.36±0.23 3.33±0.14 2.35±0.14

TFs + 1,000 genes
LEAP 8.79±0.00 8.99±0.00 1.38±0.00 1.89±0.00 1.01±0.00 1.01±0.00 0.66±0.00
SCODE 6.68±0.08 6.74±0.08 1.08±0.01 0.52±0.01 0.63±0.01 0.58±0.01 0.47±0.01
GRISLI 7.71±0.00 7.01±0.00 1.72±0.00 0.42±0.00 0.72±0.00 0.55±0.00 0.63±0.00
GRNVBEM OT OT OT 0.42±0.00 OT OT 0.58±0.00
SINCERITIES 8.57±0.00 6.95±0.00 1.47±0.00 0.37±0.00 NE 0.62±0.00 NE
Scribe 7.30±0.00 6.17±0.00 0.99±0.00 0.48±0.00 0.71±0.00 0.65±0.00 0.63±0.00
GENIE3 7.19±0.01 6.25±0.02 1.17±0.01 1.11±0.03 1.30±0.08 1.14±0.04 0.88±0.02
GRNBOOST2 8.29±0.01 7.48±0.02 1.33±0.01 0.88±0.07 0.82±0.02 0.88±0.05 0.70±0.05
FlowGRN (Ours) 8.82±0.15 8.98±0.76 1.27±0.02 0.81±0.05 1.60±0.11 1.56±0.07 0.93±0.04

datasets, achieving the best performance in 6 of 10 tasks. It has
advantages in learning regulation types and modeling dynamics
with long cascades and cycles, which are well-known challenges
in GRN inference. FlowGRN is also scalable to high-dimensional
experimental datasets of up to 1,783 genes with dropout, thanks
to the advanced CFM model and the dropout-robust cell similarity
measure. We also conducted ablation studies to validate the design
of FlowGRN, demonstrating that the dropout-robust cell similarity
measure and trajectory reconstruction are essential for our model.

FlowGRNhas some limitations. First, FlowGRN exhibits a notable
performance drop on datasets with few cells, such as mDC and
mESC, which is a common pitfall of deep learning models. Second,
our method cannot model the dynamics and infer network structure
in a unified manner, which limits its interpretability. In the future,
we will combine dynamic modeling and GRN inference in a unified
framework by restricting the CFMmodel with biological constraints,
following the approach of PINN. We will also replace the Euclidean
distance in the CFM with the distance induced by the data manifold.
We expect these improvements to further enhance the performance
of FlowGRN on high-dimensional datasets.
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at https://github.com/1250326/FlowGRN.
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