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Abstract

Numerous problems in bioinformatics and computational biology can be framed
as a task of learning a mapping from one state of a biological system to another
relevant state or to explore novel data points across biologically constrained
spaces. However, manually deriving such mappings, e.g., to transform cells in a
diseased state back into a healthy state, or extrapolating from existing datasets
to create new data, is often nontrivial and can require extraordinary domain
expertise and resources. Fortunately, the field of generative artificial intelligence
(AI) has introduced a new training paradigm referred to as (conditional) flow
matching, which has emerged as a promising solution to this problem, with broad
applicability in computer vision, natural language processing, and the physi-
cal and life sciences. Flow matching is a powerful and principled, data-driven



framework for efficiently learning a mapping between arbitrary pairs of high-
dimensional data distributions, making it well-suited for addressing problems
in molecular and cell biology. In this Review, we characterize the theoretical
foundations of flow matching and its applications in biomolecular modeling for
small molecules, proteins, DNA/RNA, and their interactions, as well as its uses
in single/multi-cellular modeling for cell phenotyping and imaging, each con-
tributing towards the development of an Al-based virtual cell. Lastly, this review
highlights open-source flow matching methods and discusses future directions in
flow-based generative modeling for bioinformatics and computational biology.

Keywords: Flow matching, generative Al, bioinformatics, computational biology

1 Introduction

The field of generative Al has developed numerous important applications for bio-
logical and biomedical data analysis to date. Notably, methods such as AlphaFold 3
[1] and RoseTTAFold-All-Atom [2] have advanced our ability to meaningfully predict
and design the structure of life’s molecules, and agentic approaches to running virtual
research labs using large language models [3] have led to the discovery of new SARS-
CoV-2 nanobodies [4]. As such, bioinformatics and computational biology are poised
for transformation in the age of generative Al algorithms [5].

Highlighting specific examples of this trend, Frazer et al. [6] introduced Bayesian
variational autoencoders (VAEs) [7] for evolutionary protein sequence modeling, while
Cui et al. [8] created a generative pre-trained transformer (GPT)-style [3] founda-
tion model [9] for single cell data. As first-of-their-kind results, Anand and Huang
[10] generated protein structures in silico using a deep generative adversarial network
(GAN) and further experimentally validated structures generated using an autore-
gressive model [11]. Interestingly, applications of generative Al in bioinformatics have
also adapted ideas from non-equilibrium statistical physics to develop denoising dif-
fusion models [12] for high-quality molecule [13] and protein [14] generation and even
robust translation between biomedical imaging techniques [15]. Such techniques have
also extended beyond the biosciences into the materials sciences [16].

More recently, generative Al has been experiencing a surge of research interest in
developing new deep learning (DL) algorithms [41] for sampling from arbitrary (e.g.,
biological) data distributions (Box 1). Popular types of DL algorithms for genera-
tive modeling to date include GANs, VAEs, normalizing flows, denoising diffusion and
large language models. The most recent and prominent of such methods, grounded
in the principles of optimal transport theory, represent a new paradigm of generative
modeling called flow matching (FM) [23]. At a high level, FM refers to a class of
methods designed to learn a transformation that maps samples from a source distribu-
tion—which is often an easy-to-sample distribution such as a standard Gaussian—into
samples from a specified target distribution. The target distribution is typically defined
by an empirical dataset and may represent intricate structures or patterns present in
real-world data. The overarching goal of FM is to construct a continuous, learnable
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Fig. 1 An overview of flow matching and its applications in bioinformatics. Top, Genera-
tive flow matching for optimal transport of samples from a source cell population (A) to a target cell
population (B) using a learned, time (¢)-based velocity field. Middle, Examples of flow matching for
generative modeling of proteins and small molecules. Bottom, Application areas of flow matching in
bioinformatics relevant to developing an Al-based virtual cell.

transport path that progressively aligns the source distribution with the target, facil-
itating efficient sample generation and enabling applications in generative modeling,
density estimation, and probabilistic inference (Box 2).

Developing powerful FM generative models could unlock several promising new
application areas within bioinformatics and computational biology, including obtain-
ing end-to-end learnable mappings between functional states of 3D (structural)
biomolecules and single or multi-cellular systems as illustrated in Figure 1. With data-
driven mappings like these, the development of an Al-based virtual cell (AIVC) [42]
may be within the scientific community’s grasp in the coming decade, ushering in a
new era of rapid biological hypothesis generation and testing via techniques from com-
putational molecular and cell biology. In Section 2 of this Review, we first introduce
the theoretical foundations of FM and how its core techniques may be improved in the
coming years. We then discuss in Section 3 how FM has already been applied within
diverse biological modeling contexts to accelerate scientific discovery. Lastly, in Section
4, we provide readers with an outlook on the future of FM’s role in bioinformatics.
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Fig. 2 A timeline illustrating the history of flow matching model development and the
application of flow matching methods in bioinformatics.

2 Fundamentals of flow matching

In this subsection, we will adopt the standardized FM notation of Lipman et al. [43].
At its core, FM theory is centered on learning to transport samples using probability
paths between arbitrary pairs of distributions [17, 44-46], one often referenced as a
(easy-to-sample) source distribution py = p and the other denoted as a (empirical)
target distribution p; = ¢, where p and ¢ are distributions defined over R%. Notably,
what sets FM apart from previous popular generative modeling frameworks such as
diffusion models [5, 47] is that, with FM, the source distribution pg is not restricted to
be Gaussian in nature and can instead be any distribution of one’s choosing [24]. FM
can thus be viewed as a generalization of diffusion models. Further, one can reduce the
time required to sample new data points from the generative flow model by ensuring
its probability paths promote optimal transport [23]. For example, a common way
to do this is to define the model’s probability paths using linear time interpolation



between the source and target distributions, akin to performing geodesic interpolation
on Riemannian manifolds [48], yielding simpler, straight-line trajectories compared to
those of popular diffusion probability paths [49]. In theory, this opens the possibility
to use FM to learn arbitrary mappings between different states of (biological) systems
to accelerate data modeling and analysis in numerous scientific domains.

2.1 History of development

As illustrated in Figure 2, the earliest works preceding FM, from 2015 to 2021, include
normalizing flows [17] and their continuous variants [18, 19], which were introduced to
address known limitations of variational inference for data density estimation [17, 50].
At a high level, (discrete) normalizing flows resemble a sequence of Euler update steps
of an ordinary differential equation (ODE):

Xr=frofr_1o0---ofi, with fi = X; + mé(w' X; +b), (1)

where X; represents a continuous random variable with time-dependent probability
p(Xy); {m € RY, w € R% b € R} are learnable parameters; and ¢ denotes an element-
wise nonlinearity with derivative ¢’. Notably, a limitation of (discrete) normalizing
flows is the need to compute the expensive Jacobian aaft =1+m'¢'(w’ X; +b)w for

. . . Xt
density estimation:

det Ot . (2)

log p(X¢11) = log p(X¢) — log X,

In 2018, Chen et al. [18] introduced continuous normalizing flows, which removed the
need to calculate the Jacobian g )J;‘t and relaxed the requirement that f; be a bijective
function (i.e., neural network architecture). Then, in 2022, these foundational flow
methods culminated in the development of the first formalized FM model [23], which
greatly improved the speed and numerical stability of flow-based generative models
by no longer requiring ODE integration (i.e., simulation) during training.

The following year soon marked the tipping point for normalizing flow and FM
theory [24], as in 2023, FM enabled the development of the first generation of large-
scale bioinformatics applications in molecular [30, 32] and single-cell modeling [24]
with flow-based generative models. From 2024 to mid-2025, FM has continued to
introduce promising new flow models in the chemical and biology sciences, includ-
ing those for drug screening [27], spatial transcriptomics [29], biomolecular co-folding
[37], and morphology modeling [38]. Notably, in 2024 alone, 8 key FM methods for
molecular modeling were released, while in early 2025, 3 foundational methods for
single-cell modeling-among other unlisted methods for molecular modeling-were intro-
duced. This trend suggests that FM theory has already begun widely influencing the
fields of molecular and single-cell modeling, and vice versa, as oftentimes fundamental
advancements for flow models have been introduced alongside new FM applications.
Next, to better understand how and why this trend is emerging, we will discuss how
to design a FM generative model from first principles.




2.2 Workflow of flow matching
2.2.1 Defining a training objective

Concretely, to learn a generative model for data generation, FM builds a probability
path (p:)o<i<1, where each p, also denotes a distribution over R, With this path
defined, FM theory turns to training a neural network to predict the vector field
needed to convert samples from the source distribution py to the target distribution
p1 along the probability path p;. Namely, using a trained vector field network, FM
enables one to generate a new data point from the target distribution X; ~ ¢ by
randomly sampling a point from the source distribution Xy ~ p and subsequently
solving the ODE that the vector field characterizes. Specifically, with neural network
parameters 6, this time-dependent vector field u? : [0,1] x R? — R determines the
time-dependent flow ¢ : [0, 1] x RY — RY defined as:

d .
@) = ul (i (x)), with ¥, := (¢, z) and () = . (3)

With FM, we say that the vector field u{ generates the probability path p; if, for
its corresponding flow vy, the following statement is satisfied:

X = (Xo) ~ pg for all ¢ € [0,1]. (4)
The standard FM loss is defined as:
£FM(9) = Et,Xt ||U§(Xt) - Ut(Xt)”Q, with t ~ L{[O, 1] and Xt ~ Dt. (5)

Unfortunately, calculating the ground-truth vector field uy(X;) is computationally
intractable, as doing so requires integrating over all possible transformations between
two high-dimensional distributions. Instead, in each training iteration, we can equiva-
lently condition the loss on a single (random) example X; from the training dataset,
yielding the following conditional FM loss:

Lorn(0) = Eex, x,, luf (Xg1) — we(Xop | X3)|?, (6)

where wu;(Xy1/X1) is the corresponding conditional vector field which generates
the conditional probability path p;;(-|X1) of the conditional random variable
X¢j1. Substituting (the intractable) Lryi(0) with (the tractable) Lopwm(0) is valid, as
previous works have demonstrated that the gradients of Equations 5 and 6 are equal
[23, 24]:
VoLrm(0) = VoLcrm(0). (7)
To realize the simplifications this conditioning provides, we must first design our
probability path p; and, thereby, our conditional random variable X;|;. The probability
path p; can be defined as the aggregation of conditional probability paths p;; (2] X1),



which are conditioned on the training dataset’s (ground-truth) data point Xi:

pi() = / P (21 X1)g(X1 )X, (8)

Several choices for p;; (2| X1) exist, as affine probability paths with a Gaussian source
distribution (including those of diffusion models) have the form:

P (x| X1) = N(z|a; X1, 021). (9)

For example, variance preserving paths assume (o = 1,009 > 1,01 = 0), while
variance exploding paths assume (a; = e 2P g =\1—e P8y > 1,8 = 0).
To date, a popular choice for py|; (x| X1) is the optimal transport (OT) path defined
by (a; = t,0, = 1 —t), since it readily satisfies the boundary conditions pg = p and
p1 = q. This leads to a simple definition of the conditional random variable X;; in
terms of linear interpolation:

Xy = tX1 + (1 — t)Xo, where Xyj10 poi (1| X1) = N(-[tXq, (1 — )°1). (10)
For such an OT path, we can solve for X in Equation 10 as Xy = Xﬂ%tfxl Calculating
the derivative uy (X1 X1) = $Xipn = £ (EX1+(1—t)Xo) = X1—Xo, and subsequently
substituting Xo to obtain uy(X;1[X1) = X1 — 2= gimplifies to the following
(tractable) conditional OT vector field, which we can use in Equation 6 to train
the vector field network u?:

X1 — X

Ut(Xt|1|X1): 1—1¢

(11)

2.2.2 Sampling with a learned vector field

To sample a new data point X7 from a starting point X, one can use a trained vector
field network u{ to solve the corresponding push-forward ODE. Namely, using a simple
update rule of the Fuler method:

Xiyn = Xt 4+ hul (X;), where h = n~! > 0 determines the step size, (12)

one can arrive at a novel sample X; in a fixed number of steps n € N iteratively.
Note that many other ODE solvers can be substituted for the Euler method [51]. In
particular, many prior works on FM adopt the Dormand—Prince (DOPRI5) method
as a common ODE solver for generative modeling due to its empirically-improved
performance compared to an Euler solver.

2.3 Discrete flow matching models

Amino acid and nucleotide sequences are a common form of discrete data in the
biological sciences. However, modeling such data with flow matching-among other



types of generative models-requires additional consideration, as most flow matching
models to date are designed for continuous data only [52]. To support generative
modeling of discrete data, flow matching models typically follow one of two approaches:
(1) treating discrete data as continuous data via floating-point one-hot encodings
[53] or simplex mappings [54]; or (2) representing transformations of discrete data as
a Continuous Time Markov Chain (CTMC) [25]. For simplicity of presentation, we
will describe the latter approach in more detail, which currently achieves the best
computational performance across a range of discrete generative modeling benchmarks
[55].

2.3.1 Generative modeling with CTMCs

To begin, let S = T¢ represent a discrete state space; T = {1,2,..., K} denote a
K-sized discrete vocabulary; and x% € (z1,. .., a:d) =x,y,z € S be a single token. A
probability mass function (PMF) for this discrete case is then

5z, 2) = {1 itr =z, (13)

0 else.
With this PMF, a probability transition kernel for a CTMC can be defined as
Petne(yl7) :=P(Xipn = y|Xi = 2) = 6(y, ) + hui(y, ©) + o(h), (14)

with step size h informing o(h)/h — 0 as t — 0 and with the initial distribution
P(Xo = z) = p(x) at time t = 0. The rates u:(y, x), also known as discrete velocities,
determine how quickly one state changes to another state, which, to ensure py ¢ (y|x)
yields a valid probability distribution P(X € A C S), are subject to the following rate
conditions that ensure (1) the transition rates out of state x balance each other out
and (2) states cannot transition with negative velocity:

(1) Zut(y,x) =0 and (2) u(y,z) > 0.0 Vy # x. (15)

Practically speaking, to sample new discrete data X;,, from the starting point X; =
Xo ~ p, one can apply the following Euler method with the (learned) discrete velocities
’Z,Lf (ya Xt): o

P(Xein =y | Xi) = 6(y, Xt) + huy (y, Xe). (16)

2.3.2 Learning discrete flows

To learn the velocities u?(y, X;), analogous to continuous FM, a principled training
objective is the conditional discrete FM loss:

Leprm(0) = Ei x, x,mpyy Dx, (ue (-, Xe| X1),uf (-, X4)), (17)



where Dx, represents a Bregman divergence with the convex function &, : 2, — R
defined by:

Q, ={veR® v(x):—Zv(y)andv(y)ZOVy;éx C RS, (18)

y#T

The last two components needed for training a discrete FM model are the definitions of
one’s noise schedule for intermediate discrete data X; and the ground-truth velocities
ut (-, X¢|X1), for which we refer interested readers to Lipman et al. [43] for full deriva-
tions. In the following subsection, we introduce readers to the notion of representing
geometric data types with flow matching.

2.4 Geometric flow matching
2.4.1 Symmetry groups

Rigid bodies in three-dimensional space are fully described by their position and ori-
entation, forming a configuration space structured as the Lie group SE(3), which
combines translations (R?) and rotations (SO(3)) [30, 31, 43]. This group is a smooth
Riemannian manifold, supporting definitions of distances, angles, and geodesics essen-
tial for modeling motions and probability distributions. In biological macromolecules
such as proteins, each residue can be represented as a rigid body with a spe-
cific position and orientation, and the entire backbone as a sequence of frames
in SE(3)N [30, 31, 56, 57]. Chirality is preserved by restricting to rotations and
translations, as reflections in certain contexts are considered biologically invalid.

2.4.2 Comparing flow matching to other generative models

Generative modeling of 3D biological molecules, such as proteins and nucleotides,
thus often involves learning distributions over SFE(3)", requiring models that respect
the manifold’s symmetries and geometry [14, 47, 58]. Traditional diffusion models,
adapted from Euclidean spaces, may struggle with manifold constraints and require
many inference steps [59]. FM [43, 60] often overcomes these limitations by learning
vector fields that more succinctly transport samples from a source distribution to a
target distribution along continuous paths on the manifold. In particular, FM offers
four key advantages simultaneously in comparison to diffusion models: it (1) needs
fewer inference steps; (2) is simpler to implement; (3) allows explicit control over
distribution couplings; and (4) can optionally preserve important geometric properties
such as equivariance through neural network design or training. Notably, diffusion
models may possess a subset of these attributes but not each of them collectively. To
more systematically characterize the advantages and disadvantages of flow matching
compared to previous types of generative models, Table 1 presents a comprehensive
listing of the relative strengths and weaknesses of well-known generative modeling
methods.



2.5 Improving flow matching models

While FM models offer an elegant and theoretically grounded framework for gen-
erative modeling, several challenges must be addressed to improve their empirical
performance, particularly in bioinformatics applications involving high-dimensional,
structured, and multimodal data. To this end, recent work has introduced multiple
avenues for improvement. For example, Rectified Flows [22] solve a nonlinear least
squares optimization problem to improve the sampling speed of FM, in some cases
enabling high-quality sample generation in a single ODE solver step, much like Mean
Flows [61]. Moreover, Generator Matching [28] provides a theoretical unification of
various diffusion and FM methods, which may yield new multi-modal applications of
FM models in future work. As a survey of open-source methods for implementing and
improving FM models, in Table 2, we offer readers a comprehensive listing.
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Fig. 3 A taxonomy of flow matching applications in bioinformatics relevant to virtual
cell modeling. Top, Virtual cell modeling represented as the highest level of abstraction encom-
passing recent efforts in molecular and cellular modeling using flow matching. Middle, Single and
multi-cellular modeling denoting the intermediate level of abstraction in virtual cell modeling with
flow matching. Bottom, Molecular modeling signifying the foundational level of abstraction for
flow matching-based virtual cell modeling. Right, Potential future research directions including flow
matching-based integration of multiple (molecular and cellular) biological scales.
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3 Applications of flow matching in bioinformatics

Imagine an experiment where you need to determine how a cell’s state changes over
a short period of time while accounting for numerous environmental, chemical, and
evolutionary factors in effect. With FM, how could one go about modeling such cel-
lular dynamics in silico? The first step would be to collect a sufficient quantity of
paired measurements of the cell’s state at (at least) two different time points. Encoding
the cell’s state variables with the simple yet expressive representations of a Trans-
former neural network [62] would be a natural next step. Then, as a starting point,
using the Transformer to parametrize a conditional OT flow with an affine probabil-
ity path would allow for rapid prototyping of the Transformer’s architectural design,
such as its width and depth. These architectural variables can be evaluated using cell
state-specific reconstruction metrics, such as a mean squared error of continuous state
feature vectors. Once trained, this Transformer can be used as an iterative ODE solver
to transform the state of new cellular samples starting from an initial time point.
Overall, this represents simply one of many ways one could computationally model
this cellular experiment, given the versatility of FM.

In the remainder of this section, we outline several of such computational applica-
tions of FM in bioinformatics. Figure 3 particularly illustrates those that contribute
to the development of an AIVC for multi-scale biological simulation and modeling.
Importantly, given the hierarchical taxonomy of molecular and cell modeling methods
depicted in Figure 3, we posit that bridging these applications will spark important
new research directions in generative Al for virtual cells in the coming years. To
concretely examine this trend, Section 3.1 characterizes existing FM applications for
molecular modeling, while Sections 3.2, 3.3, and 3.4 describe recent applications of
FM in single/multi-cellular modeling and bioimaging, respectively. As a supplement
to these sections, Table 3 provides a comprehensive listing of the latest open and
closed-source FM methods for bioinformatics applications, describing their supported
modalities, data sources, and performance. For practical, general-purpose advice on
how to build and apply FM models in real-world bioinformatics settings, we refer
interested readers to Box 3.

3.1 Flow matching for molecular modeling

In this subsection, we discuss selected FM generative models for molecular modeling,
as listed in Table 3 and taxonomized at the foundational level in Figure 3. Molecu-
lar modeling tasks, in this context, encompass small molecule conformer prediction
and generation; sequence and structure generation of proteins/peptides and protein
side-chain packing; (protein/ligand-conditioned) RNA/DNA sequence and structure
generation; as well as prediction of biomolecular interactions and dynamics. Such
biomolecules are inherently multimodal, often featuring (discrete) biological or chemi-
cal sequences, (discrete) atomic bonds, and (continuous) 3D atomic coordinates found
in a variety of public datasets and evaluated according to domain-specific metrics (e.g.,
RMSD). Accordingly, in the following sub-subsections, we discuss selected generative
modeling applications for small molecules (Section 3.1.1), proteins/peptides (Section
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3.1.2), nucleotides (Section 3.1.3), as well as higher-order biomolecular interactions
(Section 3.1.4) and dynamics (Section 3.1.5).

3.1.1 Generative modeling of small molecules

Designing 3D small molecules with high chemical fidelity is a core challenge in com-
putational chemistry due to its direct medical and commercial applicability in drug
discovery and material design [63]. In this setting, traditional generative models—such
as graph-based autoencoders and diffusion models—are often hampered by slow sam-
pling and difficulties in handling the discrete-continuous nature of molecular data.
Recent FM approaches provide a promising solution by learning continuous veloc-
ity fields that efficiently map noise to valid molecular structures in a handful of
steps. State-of-the-art models like SemlaFlow [64] and FlowMol [34] advance this
in silico frontier by combining geometric deep learning, equivariant architectures,
and optimal transport objectives. SemlaFlow leverages a message-passing neural net-
work with latent attention and E(3)-equivariance to generate molecules up to 100x
faster than diffusion models, while FlowMol bridges continuous and categorical data
using chirality-aware Geometric Vector Perceptrons [65] and simplex-based or relaxed
categorical modeling.

ADIT [58] introduces a unified Transformer-based framework for both molecular
and crystalline material generation, performing denoising in latent space for effi-
ciency and scalability without relying on a graph-specific inductive bias. ET-Flow
[66] employs an equivariant transformer architecture and harmonic priors to generate
low-energy molecular conformers directly from graphs, with post hoc correction for
chirality and a lightweight, scalable design. Overall, these FM-based models indicate
that there could be promising advances in 3D molecular generation, offering potential
new possibilities for drug discovery and atomistic material design.

3.1.2 Generative modeling of proteins

Designing (large or small) proteins that satisfy geometric, physicochemical, and
functional constraints is a complex challenge due to their vast conformational land-
scape and intricate sequence-structure dependencies. Nonetheless, achieving such
aims can accelerate novel developments for atomically-precise medical, agricultural,
and industrial products requiring programmable biological systems, resulting in new
therapeutics, energy resources, and self-assembling nanomaterials [67]. Traditional
diffusion-based models for protein design, like RFdiffusion [14], are effective but
computationally intensive and often treat sequence and structure separately. Recent
advances leverage FM to efficiently learn generative models on the product man-
ifold SE(3)Y, capturing both the geometry and symmetries of protein backbones.
State-of-the-art methods—including FrameFlow [56], FoldFlow [30], Multiflow [25],
and OriginFlow [68]—employ equivariant architectures, optimal-transport objectives,
and discrete-state flows to accelerate protein structure generation and enable in silico
sequence-structure co-design. FrameFlow and FoldFlow focus on fast, accurate back-
bone generation by learning continuous or stochastic flows on SE(3)", with FoldFlow
introducing optimal transport and stochasticity for improved diversity and robustness.

12



Multiflow extends this paradigm to joint sequence and structure generation, inte-
grating discrete (sequence) and continuous (structure) flows for efficient, multimodal
protein co-design.

OriginFlow addresses de novo protein design by combining FM with expressive
neural architectures, such as Invariant Point Attention and graph neural networks, to
robustly generate functional protein structures from noise for PD-L1, RBD, and VEGF
targets, achieving overall expression, affinity, and solubility rates of 90%. Accordingly,
it achieves remarkable experimental success rates, particularly in challenging tasks
like binder design, outperforming previous models in both speed and controllability.
Collectively, these FM-based approaches deliver improvements in designability, diver-
sity, accuracy, and (in some cases) experimental validation, marking a shift from mere
structure prediction to practical, Al-driven functional protein design and accelerating
the integration of generative Al into real-world biopharma pipelines.

3.1.3 Generative modeling of nucleotides

Generative modeling of nucleotide sequences and structures is a central challenge in
synthetic biology and RNA therapeutics, given the high therapeutic potential of RNA-
based CRISPR gene editing systems [69]. With the discrete nature of DNA/RNA
alphabets and the complex, high-dimensional biological constraints they encode, FM
could provide an alternative to traditional autoregressive and diffusion models by
enabling efficient, parallelizable, and controllable transformations from noise to struc-
tured sequences. Recent advances such as Dirichlet Flow Matching [70] and Fisher FM
[71] introduce geometry-aware flows on the probability simplex, improving expressiv-
ity, stability, and performance in in silico DNA design tasks. For RNA, frameworks
like RNACG [72] leverage Dirichlet FM and multimodal transformers for high-fidelity,
conditional sequence generation, outperforming previous approaches across a range of
in silico RNA design benchmarks.

Beyond sequence generation, FM-based models have also advanced RNA struc-
ture and sequence-structure co-design. RNAFlow [73] and RiboFlow [74] unify RNA
sequence and structure generation by conditioning on protein or ligand geometry, using
SE(3)-equivariant architectures and multi-scale representations to capture RNA’s
conformational flexibility. RNA-EFM [75] further incorporates energy-based priors
for protein-conditioned co-design, while RNA-FrameFlow [35] and RNAbpFlow [76]
address unconditional and base-pair-constrained 3D RNA structure generation, respec-
tively. Collectively, these FM-based approaches establish a unified foundation for
DNA/RNA sequence and structure design, and in silico engineering of nucleic acids.

3.1.4 Generative modeling of biomolecular interactions

Recent advances in generative modeling—especially those leveraging geometric
FM and continuous normalizing flows—have enabled direct, scalable prediction of
biomolecular interactions and complex structures, bypassing traditional docking and
alignment-dependent pipelines in drug discovery and development [77]. Models like
FlowDock [36] use conditional FM to map unbound protein structures to holo com-
plexes, supporting simultaneous multi-ligand docking and accurate affinity prediction,
and outperforming AlphaFold 3 and other baselines in certain benchmarking settings.
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NeuralPLexer3 [37] employs physics-inspired normalizing flows for fast, high-resolution
prediction of diverse biomolecular complexes, exceeding the accuracy of diffusion-
based and docking methods across a wide range of targets. FlexDock [78] introduces
Unbalanced Flow Matching to model flexible protein-ligand docking, relaxing strict
mass preservation to better capture conformational changes; this two-stage approach
improves docking accuracy and physical plausibility, as measured by PoseBusters
and PDBBind benchmarks. Lastly, with wide applicability, UniMoMo [79] generates
small molecules, peptides, and antibodies for target protein pockets using latent flow
matching.

3.1.5 Generative modeling of biomolecular dynamics

Biomolecules are inherently dynamic entities, often transitioning between multiple
conformations to carry out their biological functions. Capturing this structural het-
erogeneity is essential for understanding allostery, binding mechanisms, and functional
regulation for programmable biological design [80]. Fortuitously, generative FM tech-
niques are also transforming the modeling of biomolecular dynamics, enabling the
simulation of conformational ensembles and transition pathways beyond static struc-
ture prediction. AlphaFlow [33] and related frameworks reinterpret AlphaFold and
ESMFold as generative denoisers within FM, producing realistic protein conforma-
tional ensembles directly from sequence. FMRC [81] leverages FM to learn optimal
reaction coordinates, outperforming traditional kinetic modeling methods and enhanc-
ing both Markov state model construction and enhanced sampling. MDGen [82]
extends FM to generate full molecular dynamics trajectories, accurately capturing
free-energy landscapes and kinetic properties in an SE(3)-invariant manner. Finally,
Onsager-Machlup-based action minimization [83] enables efficient, zero-shot transi-
tion path sampling by optimizing generative model trajectories, offering scalable and
model-agnostic solutions for simulating biomolecular motions. Overall, these advances
establish FM-based generative modeling as a framework for predicting the dynamics
of 3D biomolecules in silico, setting the stage for modeling the dynamics of cellular
systems based on molecular context (Figure 3).

3.2 Flow matching for single-cellular modeling

Single-cell modeling, the next level up in the methodological hierarchy of Figure
3, carries great potential to advance our ability to efficiently analyze cellular pro-
cesses in silico. In particular, generative modeling with FM has emerged as a
powerful approach for simulating and predicting single-cell phenotypes under diverse
perturbations, addressing the (perturbation/conditioning-related) combinatorial and
high-dimensional challenges inherent in systems biology and precision medicine when
attempting to characterize disease acquisition, progression, and treatment [84]. By
learning continuous-time vector fields that transport distributions of unperturbed
cellular states to those under complex perturbations, FM enables efficient and inter-
pretable inference as well as simulation-free training across vast phenotypic landscapes.
Frameworks such as CellFlow [40] and CFGen [85] integrate optimal transport, mul-
timodal biological embeddings, and permutation-invariant architectures to model
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single-cell responses. CellFlow excels at virtual phenotyping and systematic perturba-
tion design, while CFGen extends FM to discrete count data and multi-modal settings,
enabling compositional and attribute-guided simulation of cellular phenotypes.

Beyond static phenotype modeling, FM-based methods have advanced the in sil-
ico reconstruction of cellular dynamics and trajectories from single-cell snapshot
data, overcoming the limitations of destructive assays and the simplifying assump-
tions of traditional approaches. Conditional Flow Matching (CFM) [24] and [SF]*M
[86] provide simulation-free objectives for learning deterministic and stochastic flows,
respectively, while GENOT [87] generalizes to stochastic, entropic, and unbalanced
optimal transport, supporting cross-modal and heterogeneous data. Further innova-
tions like Meta FM [27] and Wasserstein Flow Matching (WFM) [29] extend FM to
population-level and distributional settings, enabling personalized trajectory modeling
and the synthesis of spatial cellular niches.

Recent work has also focused on incorporating geometric, biological, and dynam-
ical realism into FM-based cellular modeling. Metric FM [26] leverages data-induced
Riemannian metrics to ensure learned trajectories remain close to the true data man-
ifold, with a goal towards improving biological plausibility. Unbalanced Mean-Field
Schrodinger Bridge and CytoBridge [88] jointly model state transitions, population
growth, and cell-cell interactions, while Curly-FM [39] enables the modeling of non-
gradient, cyclic dynamics such as the cell cycle by matching both distributional
and velocity field constraints. Velocity-Growth Flow Matching (VGFM) [89] further
extends FM to jointly infer cellular state transitions and population-level mass changes
with regression-based and growth-aware training objectives. Consequently, VGFM
aims to ensure scalability and training efficiency, to model development and disease
progression n silico.

Finally, Multi-Marginal Flow Matching [90] generalizes FM to handle transitions
across multiple time points, enabling globally consistent trajectory inference in com-
plex experimental designs. Collectively, these in silico advances establish FM as a
foundation for single-cell generative modeling-enabling virtual phenotyping, dynamic
trajectory reconstruction, and the integration of biological knowledge across high-
dimensional and heterogeneous datasets-laying the groundwork for in silico analysis
of inter-cellular interactions and dynamics (Figure 3).

3.3 Flow matching for multi-cellular modeling

FM has recently enabled early experiments using generative modeling to character-
ize the behavior of multi-cellular systems in silico, with such systems being highly
relevant for tissue engineering and regenerative medicine [91]. Generally speaking,
extending FM to image-based multi-cellular phenotypic modeling could enable a new
level of insight into cellular morphology and its response to perturbations. Nonetheless,
while high-content imaging assays provide rich spatial information, they also present
challenges for generative modeling due to batch effects, experimental variability, and
morphological complexity. Fortunately, recent in silico advances, such as CellFlux [38],
resolve such issues by leveraging conditional FM to simulate morphological changes
at the pixel level, bridging the gap between generative modeling and high-resolution
cellular imaging.
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CellFlux employs a U-Net-based FM architecture to learn continuous transforma-
tions from control to perturbed cell images, incorporating classifier-free guidance and
noise augmentation for improved fidelity. Evaluated across diverse datasets—including
BBBC021, RxRx1, and JUMP—CellFlux achieves superior Fréchet Inception Dis-
tance and mode-of-action prediction accuracy compared to prior baselines [92, 93],
and generalizes well to unseen perturbations. Notably, it corrects for batch effects
by conditioning on batch-specific control images, enabling realistic and interpretable
interpolation between cellular states. These in silico advances could position CellFlux,
and FM more generally, as a promising foundation for “virtual cell” platforms in drug
discovery and personalized medicine, with future potential to scale across cell types
and perturbation regimes based on a molecular context (Figure 3).

3.4 Flow matching for bioimaging

Broadly speaking, FM is also transforming bioimaging by enabling scalable, probabilis-
tic models that capture complex spatial structures and provide principled uncertainty
quantification, for broad uses within both research labs and medical clinics [94].
FM frameworks learn continuous-time vector fields to map simple priors to intri-
cate biological images, supporting flexible inference without the need for extensive
fine-tuning. Recent advances highlight FM’s versatility across modalities, from cryo-
electron microscopy (cryo-EM) to medical image segmentation, unifying representation
learning and generative modeling in high-dimensional, noisy, and structured imaging
data.

CryoFM [95], an unconditional FM model, exemplifies this potential as a founda-
tion model for cryo-EM density maps, learning the distribution of high-quality protein
densities and generalizing to tasks such as denoising and 3D reconstruction without
task-specific retraining. The model achieves this by using a task-specific flow poste-
rior sampling method during inference to convert CryoFM’s unconditional vector field
into a conditional variant. FlowSDF [96] advances microscopic image segmentation by
modeling probability flows over signed-distance functions, yielding smooth, accurate
segmentation masks and providing uncertainty estimates. FlowSDF reaches or sur-
passes state-of-the-art segmentation accuracy in tumor cell nuclei (MoNuSeg) [97] and
gland (GlaS) [98] segmentation. In biomedical imaging, FM has shown recent success in
MRI image reconstruction [99, 100] and medical image synthesis [101]. Together, these
methods demonstrate how FM can bridge generative modeling and classical imaging
approaches, offering a set of uncertainty-aware tools for a wide range of bioimaging
applications.

4 Outlook

The rapid emergence of FM as a unifying paradigm for generative modeling marks
a pivotal moment in the computational life sciences. Across molecular, cellular,
and imaging domains, FM has already demonstrated advantages over previous
simulation-based generative models, offering simulation-free training, efficient sam-
pling, principled incorporation of geometry, and interpretable, controllable mappings
between biological states. As surveyed in this Review, FM-based models now set the
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state-of-the-art in a wide array of bioinformatics tasks, as assessed by current in sil-
ico benchmarks and evaluation: from de novo protein and RNA design, to conditional
single-cell phenotype prediction, to generative modeling of high-content imaging data.
Yet, the field is only beginning to realize the full potential of flow-based generative
modeling in biology.

4.1 From foundational advances to biological impact

The past two years have seen foundational advances in FM theory and practice. New
formulations—such as optimal transport FM, discrete and manifold-valued flows, and
simulation-free Schrodinger bridges—have expanded the scope of generative model-
ing to settings previously inaccessible to diffusion or normalizing flow methods. These
innovations have enabled the modeling of complex, multimodal, and structured bio-
logical data, accommodating discrete sequences, geometric manifolds (e.g., SE(3) for
proteins), and high-dimensional empirical distributions (e.g., single-cell omics or cel-
lular images). Crucially, FM models have begun to bridge the gap between generative
modeling and biological interpretability. By learning explicit vector fields and proba-
bility paths, FM provides a transparent lens on the transformations between biological
states—be they conformational transitions in biomolecules, cell-state changes under
perturbation, or morphological shifts in response to drugs. This interpretability, cou-
pled with the ability to condition on rich biological context (e.g., protein partners,
ligand structures, perturbation embeddings), positions FM as a cornerstone for the
next generation of Al-driven virtual biology. A clear next step forward will be to
connect these ML advances to real-world benchmarks, evaluations, and applications.

4.2 Unifying and extending the generative toolkit

A striking trend is the unification of previously disparate generative modeling
approaches under the FM umbrella. Recent work has shown that FM subsumes dif-
fusion models, continuous normalizing flows, and optimal transport as special cases,
while enabling new hybrid and multimodal architectures. This theoretical convergence
is mirrored by practical advances: models such as FrameFlow [56], FoldFlow [30],
FlowDock [36], Multiflow [25], and CellFlow [40] demonstrate how FM can be flexibly
adapted to discrete, continuous, or mixed data; to Euclidean, Riemannian, or statis-
tical manifolds; and to both unconditional and richly conditional settings. Looking
forward, we anticipate three key directions for extending the FM toolkit:

1. Generalization to new data modalities and biological scales. FM has
already proven effective for sequences, structures, and images. Extensions to spa-
tial omics, multi-modal single-cell data, multi-scale tissue modeling, and even
population-level dynamics are natural next steps. Lifting FM to operate over dis-
tributions of distributions, as in WFM [29], or to model time-evolving population
heterogeneity, as in Meta FM [27] and VGFM [89], will be essential for capturing
the complexity of biological systems. Key to enabling this will be the development
of new real-world benchmarks and evaluation toolkits for the machine learning and
bioinformatics community, to more systematically assess the applications of such
methods under different practical contexts and constraints.
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2. Principled incorporation of biological priors and constraints. Future FM
models may encode necessary domain knowledge: energetic constraints, evolution-
ary couplings, or experimentally derived priors, as exemplified by NeuralPLexer3
[37]. However, recent advances in developing foundation models for the physical
and life sciences [58, 102] have demonstrated that incorporating such constraints
must be done with care so as not to hinder model performance and scalability in
large data regimes, which may become increasingly common in molecular and cell
biology in the coming years.

3. Scalable, interpretable, and uncertainty-aware modeling. As FM mod-
els are deployed in high-stakes applications—such as therapeutic design, synthetic
biology, or personalized medicine—scalability and simplicity become paramount.
Efficient distillation and one-step generative flows (e.g., via Mean Flows [61] or
distilled FM), uncertainty quantification (as in FlowSDF [96]), and experimental
(real-world) verification of the accuracy and generalizability of learned vector fields
will be critical for building trust and enabling scientific discovery.

4.3 Toward the artificial intelligence-based virtual cell

A central vision emerging from recent FM advances is the realization of an AIVC:
a unified, generative framework capable of simulating the molecular, structural, and
phenotypic consequences of genetic, chemical, and environmental perturbations. FM
models are uniquely well-suited to this challenge. By enabling efficient, simulation-free
mappings across molecular, cellular, and imaging spaces—and by supporting con-
ditional, context-aware generation—FM provides the scaffolding for an end-to-end,
multi-scale virtual cell platform. Realizing this vision will require continued progress in
several areas. Integrating FM models across biological scales and modalities—e.g., cou-
pling protein-protein interaction flows with single-cell phenotype generators, or linking
nucleotide design flows with 3D chromatin structure models—will demand advances
in data curation and in compositional and multi-modal FM architectures. Robust
benchmarking, open-source tool development, and community standards for biological
generative modeling (see Tables 2 and 3) will be essential to ensure reproducibility,
interoperability, and broad adoption.

4.4 Open challenges and future research directions

Despite its promise, FM-based generative modeling faces open challenges. Theoretical
questions remain regarding optimality, convergence, and expressivity of learned flows,
especially in high-dimensional or data-sparse regimes. Efficient training and inference
for very large or multi-modal biological datasets remains an area of active development.
Furthermore, the integration of FM with experimental design—enabling closed-loop,
Al-driven hypothesis generation and validation—remains largely unexplored. Key
future directions include:

® Learning on limited or noisy data: Developing robust, data-efficient FM models
that can generalize from scarce or noisy biological measurements.

18



® Integration with experimental feedback: Coupling FM-based generators with
experimental platforms (e.g., high-throughput screening, CRISPR perturbation
[103]) for active learning and closed-loop discovery.

® Interpretability and validation: Building tools for visualizing, interpreting, and
experimentally validating learned flows, ensuring that generative models yield bio-
logically meaningful and actionable hypotheses connected to real-world challenges
in molecular and cell biology.

e Ethical and societal considerations: As generative Al becomes increasingly
influential in biological design, careful consideration of ethical, safety, and regulatory
implications will be critical.
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Table 1 Comparison of generative model classes. Key dimensions for this comparison
include likelihoods, manifold constraints, conditioning options, and possible failure modes. (C)FM,
(conditional) flow matching; (C)NF, (continuous) normalizing flow; GAN, generative adversarial
network; VAE, variational autoencoder; ODE, ordinary differential equation; ELBO, evidence lower
bound; U-Net, U-shaped neural network.




Method name Year Brief description Source Code

Neural Autoregressive Flows [113] 2018  Foundational model GitHub
Neural (latent) ODE [18] 2018  Foundational model GitHub
GLOW [114] 2018  Foundational generative flows GitHub
FFJORD [115] 2019  Improves computational efficiency of [18] GitHub
Augmented Neural ODEs [116] 2019 Foundational neural ODE GitHub
Residual Flows [19] 2019 Invertible generative flows GitHub
Graph Normalizing Flows [117] 2019  Generative geometric flows Github
Stochastic Normalizing Flows [20, 118] 2020  Generative stochastic flows GitHub
Equivariant Normalizing Flows [21] 2021 Generative equivariant flows GitHub
Diffusion Normalizing Flow [119] 2021 Generative stochastic flows GitHub
Monte Carlo Flows [120] 2022 Flows for MCMC GitHub
Divergence-free Neural Conservation Laws [121] 2022 Flows with divergence-free neural networks GitHub
Rectified Flows [22] 2022 Straight and fast flow trajectories GitHub
Flow Matching for Generative Modeling [23, 43] 2022 Generative flows with Gaussian probability paths GitHub
Stochastic Interpolants (InterFlow) [60, 122, 123] 2022 Building flows with stochastic interpolants & diffusion GitHub
RIVER [124] 2022 Flow matching for video prediction GitHub
Point Straight Flow [125] 2022 Generating point clouds with Straight and fast flows GitHub
Action Matching [126] 2023  Generative optimal transport with arbitrary paths GitHub
OT Conditional Flow Matching [24] 2023  Generative (conditional) continuous flows GitHub
Fast-ODE [127] 2023 Minimizing trajectory curvature of ODE-based generative models GitHub
Latent Flow Matching [128] 2023 Flow matching in the latent space GitHub
[SF]2M ([86] 2023  Simulation-free stochastic dynamics GitHub
Riemannian Flow Matching [48] 2023  Generative geometric flows 3itHub
Equivariant Flow Matching [107] 2023  Generative equivariant flows GitHub
Wasserstein Lagrangian Flows [129] 2023  Unified flows and optimal transport GitHub
FM Boosting [130] 2023 Boosting latent diffusion models with flow matching GitHub
Motion Flow Matching [131] 2023  Flow matching for human motion synthesis and editing GitHub
InstaFlow [132] 2023 Flows for accelerating text-to-image generation GitHub
Multimodal Flow Matching [25] 2024 Continuous-discrete data generation GitHub
Functional Flow Matching [133] 2024 Flow matching for infinite dimensional spaces sitHub
Dirichlet Flow Matching [70] 2024  Discrete data generation GitHub
Discrete Flow Matching [52] 2024  Discrete data generation GitHub
Fisher Flow Matching [71] 2024 Discrete data generation GitHub
Bellman Optimal Stepsize Straightening [134] 2024  Distilling and fine-tuning flow matching generative models GitHub
Consistency Flow Matching [135] 2024 Learning strait flows with self-consistency in velocity fields GitHub
Metric Flow Matching [26] 2024 Flows on the data manifold GitHub
Depth FM [136] 2024 Flow matching for depth estimation GitHub
Probabilistic Forecasting with Interpolants [137] 2024  Stochastic interpolants for probabilistic forecasting of dynamical systems — GitHub
SemFlow [138] 2024  Flows for semantic segmentation & semantic image synthesis GitHub
Preference Flow Matching [139] 2024  Flow matching for preference-based reinforcement learning GitHub
COT-FM [140] 2024 Conditional optimal transport with simulation-free flows GitHub
FlowSeq [141] 2024 Flow matching for conditional text generation GitHub
Statistical Flow Matching [142] 2024 Flows on the manifold of parameterized probability measures GitHub
Optimal Flow Matching [49] 2024 Shorter flow trajectories GitHub
Discrete Guidance [143] 2024  Guidance of discrete state space flow and diffusion models sitHub
Meta Flow Matching [27] 2024  Flows across measures and modeling sample interactions GitHub
Trajectory Flow Matching [144] 2024  Simulation-free modeling of stochastic time-series GitHub
Generator Matching [28] 2024 Generalized multi-modal flow matching GitHub
Wasserstein Flow Matching [29] 2024  Flows for families of distributions GitHub
Multi-Marginal Flow Matching [90] 2025 Flows with smooth spline-based interpolation GitHub
Contrastive Flow Matching [145] 2025  Unique conditional flows GitHub
TFG-Flow [146] 2025 Continous-discrete flow guidance GitHub
SDE Matching [147] 2025  Simulation-free latent SDEs SitHub

Table 2 Open-source methods for implementing and improving flow matching models.
O(S)DE, ordinary (stochastic) differential equation; MCMC, Markov chain Monte Carlo.
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Table 3 Flow matching methods for bioinformatics. A comprehensive taxonomy of
molecular, single-cellular, multi-cellular, and bioimaging applications based on flow matching. The
data, performance, and improvement columns denote on which dataset a method was trained
and/or evaluated, what performance it achieved with that data, and the relative performance
improvement of the method compared to a corresponding state-of-the-art method for the
application domain. SE(3), the special Euclidean group in R%; GNN, graph neural network; FM,
flow matching; U-Net, U-shaped neural network; SC, self-consistency; PDB, Protein Data Bank; A,
Angstrom; RMSD, root mean square deviation; TM, template modeling score or TM-score; IMP,
energy improvement percentage; PB, validity according to the PoseBusters software suite; 7,
Pearson correlation; MD, molecular dynamics; JSD, Jensen-Shannon divergence; DEG, differentially
expressed genes; WD, Wasserstein distance; FID., conditional Fréchet inception distance; EMDB,
Electron Microscopy Data Bank; FR, fail rate; SSIM, structural similarity index measure.
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Boxes

Deep learning and generative modeling

Deep learning (DL) [41] represents a subset of artificial intelligence and
machine learning research focused on developing many-layer (i.e., deep) artifi-
cial neural networks. Each neuron in an artificial neural network receives input
data features and provides output data representations to a subsequent layer
of interconnected neurons. Through their hierarchical structure, deep neural
networks can learn increasingly abstract yet informative representations of the
network’s input data, which can be used for predicting properties of unseen
data or generating new data entirely.

In the realm of generative modeling, DL underpins advanced techniques such
as diffusion models [47] and flow matching [23]. Diffusion models generate data
by simulating a process that gradually transforms simple noise into complex
structures, achieving impressive results in image, text, and graph synthesis.
Flow matching, a related approach, trains models to learn simpler transport
paths between data distributions, offering efficient and scalable solutions for
generating high-quality samples. These methods demonstrate the versatility
of DL in capturing and reproducing the underlying distributions of complex
datasets. Some of the most well-known examples of successful generative DL
applications include GPT-40 for multi-modal natural language understanding
and reasoning [156], Stable Diffusion for image generation [157], and AlphaFold
3 for biomolecular 3D structure prediction [1].
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Generative models [158]: Models
that learn to generate new data sam-
ples from a learned distribution, often
by transforming noise into structured
outputs such as images, sequences, or
graphs. These form the basis of most
generative Al applications to date.

Optimal transport [159]: The
study of transforming probability dis-
tributions by minimizing a cost func-
tion over mappings, often used to
compare or interpolate between dis-

tributions.
Continuous normalizing flows
[18] (CNFs): Generative models

that transform a simple base distribu-
tion into a target distribution using
invertible flows [17, 44, 45] parame-
terized by neural ordinary differential
equations, allowing exact likelihood
computation.

Conditional flow matching [43]
(CFM): A simulation-free method
for training continuous normalizing
flows by regressing a vector field
to known conditional transitions,
enabling efficient and scalable gener-
ative modeling.

Rectified flow [22]: A simplified
flow model first popularized in the
field of computer vision, where data
points follow straight-line paths in
latent space, which improves sam-
ple efficiency and aligns with optimal
transport objectives.

Key concepts related to flow matching models

Vector field parametrization
[43]: A core modeling component in
flow matching methods, where a neu-
ral network is trained to predict the
time-dependent velocity vector that
transports data points along learned
trajectories from a source to the
target distribution.

Diffusion models [12]: A class
of generative models that learn to
reverse a diffusion (noise injection)
process, closely related to flow match-
ing (FM) methods but typically
trained with score-based objectives
over noisy data.

Transformers [62]: Neural network
architectures based on self-attention
mechanisms, widely used in sequence,
graph, and image modeling, including
in flow-based generative tasks due to
their scalability and expressiveness.
Graph neural networks [160]
(GNNs): Architectures that operate
on graph-structured data by itera-
tively updating node representations
via message passing, commonly used
when modeling social, physical, or
biomolecular structures.
SE(3)-equivariant networks
[161]: Neural network models that
preserve  geometric  equivariance
under the special Euclidean group in
R3 (i.e., the group SE(3)) consisting
of 3D rotations and translations.
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1. Define the mapping task.
Clearly identify the biological states
or data distributions between which
you aim to learn a mapping (e.g.,
perturbed vs. unperturbed cellular
states, random vs. ground-truth 3D
structures, or latent phenotype tra-
jectories). Flow matching is best
suited for problems that can be
expressed as transporting samples
between two distributions in R<.

2. Choose appropriate data rep-
resentations. Select feature encod-
ings that capture relevant biologi-
cal information while being compat-
ible with neural network inputs. For
molecules, this may include graph-
based representations or 3D atomic
coordinates; for cellular data, it may
involve gene expression vectors, imag-
ing embeddings, or latent phenotypes.
3. Select a model class and vec-
tor field parameterization. Some
examples of architectures that have
been used previously include SE(3)-
equivariant or (rotation-augmented)
transformer-based networks for 3D
molecular modeling, convolutional or
transformer-based encoders for high-
dimensional cellular data, and GNNs
for biomolecular interaction tasks.
Consider ensuring the vector field
respects certain (non-trivial) symme-
tries when necessary, which can be
done either through the architecture’s
design or through input data augmen-
tation.

4. Define the source distribution
po and sampling strategy. While

A pragmatic guide for developing and applying
flow matching models in bioinformatics

a standard Gaussian is often used
for pg, FM permits more biologically
meaningful priors (e.g., empirical dis-
tributions or structured noise priors)
when justified by domain knowledge.
5. Design the training objec-
tive and probability path. Choose
a probability path p; (e.g., lin-
ear interpolation, optimal transport
geodesic) and loss formulation (e.g.,
squared vector field deviation or dual
potential-based objectives) appropri-
ate for the application and model
capacity.

6. Validate with domain-relevant
metrics. Evaluate generated samples
using biologically meaningful metrics,
such as structural accuracy [37] (e.g.,
RMSD, TM-score), functional anno-
tations, or predictive consistency with
downstream tasks.

7. Integrate constraints when
necessary. For improved biological
fidelity, it may be useful to incor-
porate inductive biases such as geo-
metric constraints, known interaction
priors, or energy functions, either
directly in the model or during post-
processing. However, note that doing
so may make model training more
complex or challenging [162].

8. Use and contribute to open-
source FM libraries. Several
frameworks support FM training,
including Meta AI’s beginner-friendly
flow matching GitHub repository.
Starting with open-source implemen-
tations can greatly accelerate model
development and reproducibility.
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