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Abstract

Flow matching casts sample generation as learning a
continuous-time velocity field that transports noise to data.
Existing flow matching networks typically predict each
point’s velocity independently, considering only its location
and time along its flow trajectory, and ignoring neighbor-
ing points. However, this pointwise approach may overlook
correlations with points along the generation trajectory that
could enhance velocity predictions, thereby improving down-
stream generation quality. To address this, we propose Graph
Flow Matching (GFM), a lightweight enhancement that de-
composes the learned velocity into a reaction term — any stan-
dard flow matching network — and a diffusion term that aggre-
gates neighbor information via a graph neural module. This
reaction-diffusion formulation retains the scalability of deep
flow models while enriching velocity predictions with local
context, all at minimal additional computational cost. Operat-
ing in the latent space of a pretrained variational autoencoder,
GFM consistently improves Fréchet Inception Distance (FID)
and recall across five image generation benchmarks (LSUN
Church, LSUN Bedroom, FFHQ, AFHQ-Cat, and CelebA-
HQ at 256 x 256), demonstrating its effectiveness as a modu-
lar enhancement to existing flow matching architectures.

1 Introduction

Flow matching has recently gained traction as a promising
generative modeling paradigm, framing sample synthesis as
the integration of a learned (interpolated) continuous-time
velocity field that deterministically or stochastically trans-
forms noise into data (Lipman et al. 2023; Chen et al. 2018).
Given two distributions 7y and 71, the task is to learn a ve-
locity field v(x, t) that, when integrated, solves:

x =v(x,t), x(0)~my, x(1)~m.

ey

We may view learning the field v(x,t) as an interpolation
problem over the joint domain of x (namely X C R%), and
t (namely [0,1]): X x [0, 1], where we supervise the model
at discrete (x, t) pairs sampled from a chosen transport plan,
and require it to generalize to a velocity field everywhere in
X. Given x(0), which is typically a sample from a Gaussian
distribution, the path in X’ x [0, 1] obtained by solving Equa-
tion (1) is what we will term a trajectory. In the context of
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image generation, each point x(¢) along such a trajectory
is an image. While highly effective, current flow matching
architectures predict each point’s velocity pointwise, con-
ditioning only on its (x,t) coordinates without consider-
ing neighboring points in adjacent trajectories. This over-
looks an important structural property shown in the litera-
ture (Gao, Huang, and Jiao 2024; Gao et al. 2024; Fukumizu
et al. 2024) but not explicitly leveraged: the smoothness of
v(x,t) over X x [0,1]. We observe that this regularity im-
plies that neighboring points along nearby trajectories typi-
cally exhibit correlated behavior, which could be harnessed
to improve flow estimation.

In this paper, we leverage this observation, and propose
Graph Flow Matching (GFM), which enhances standard
flow networks with neighbor awareness through a reaction-
diffusion decomposition:

V(Xa t) = Vreact(xa t) + Vdiff(x; t; N(X7 t)); (2)

where Vi, 18 any standard flow network, and v is a
lightweight graph-based correction term (a graph neural net-
work) that aggregates information from the set of neigh-
bors of x at time ¢, denoted by N(x,t). Figure 1 illus-
trates this process, where the flow trajectory from g to m;
is augmented by incorporating neighborhood structure via
graphs at intermediate time steps. Designing a flow match-
ing pipeline requires two key decisions: network architec-
ture and training strategy (e.g., Rectified Flow (Liu, Gong,
and Liu 2022), Consistency FM (Yang et al. 2024)). We fo-
cus on the architecture aspect, proposing an enhancement
compatible with any training strategy and existing base flow
network Viear, pretrained or otherwise.

In this work, we adopt the latent-space generative mod-
eling paradigm, popularized by work such as Stable Dif-
fusion (Rombach et al. 2022), and recently used for flow
matching as in LFM (Dao et al. 2023), where image genera-
tion is performed in a perceptually compressed latent space
produced by a pretrained variational autoencoder (VAE)
(Kingma and Welling 2022). This choice reduces compu-
tational cost as the latent space defines meaningful distance
metrics for constructing graphs, which are easy to compute.
Our contributions therefore operate entirely within this la-
tent framework. Therefore, in this work, each “point” x is
the VAE latent encoding x € R**32%32 of an image (in
this paper, the latent encoding of a 256 x 256 RGB im-



age); all graphs operate over these latent encodings (oth-
erwise known as latent codes). We shall denote these la-
tent codes as x in this paper. Figure 2 and Figure 3 (in the
Appendix) qualitatively demonstrate our method’s effective-
ness across three diverse datasets. Quantitatively, we vali-
date GFM on five unconditional image generation bench-
marks—ILSUN Church (Yu et al. 2015), LSUN Bedroom
(Yu et al. 2015), FFHQ (Karras, Laine, and Aila 2019),
AFHQ-Cat (Choi et al. 2020), and CelebA-HQ (Karras et al.
2018) at 256 x 256 resolution, showing consistent improve-
ments in Fréchet Inception Distance (FID) and recall while
adding minimal computational overhead (< 10% additional
parameters).

Our Contributions (i) We introduce Graph Flow Match-
ing (GFM), a modular reaction—diffusion framework that
enhances flow networks with neighbor-aware velocity cor-
rection. GFM decomposes the velocity field into a stan-
dard pointwise term (using any existing flow network) and a
graph-based diffusion term, integrating seamlessly with ex-
isting backbones and training strategies without requiring
modifications to losses or solvers; (ii) We validate GFM in
the latent space of a pretrained VAE, demonstrating consis-
tent improvements in unconditional image generation across
five standard benchmarks. We use two architectures for v g,
which we call MPNN and GPS, to empirically validate that
the use of a graph module in the flow model this way is a
promising enhancement to existing flow architectures.

2 Background and Related Work

A central challenge in generative modeling is transport-
ing a simple base distribution (e.g., Gaussian noise) into
a complex, high-dimensional target distribution. This un-
derpins models such as generative adversarial networks
(GANSs) (Goodfellow et al. 2014), variational autoencoders
(VAEs) (Kingma and Welling 2022), normalizing flows (Pa-
pamakarios et al. 2021), and diffusion models (Song and Er-
mon 2019; Song et al. 2021; Ho, Jain, and Abbeel 2020).
Recent trends increasingly adopt continuous-time formula-
tions. Continuous normalizing flows (CNFs) (Chen et al.
2018) for example, generalize discrete-time flows by learn-
ing transformations via ODEs. Diffusion models, originally
discrete-time (Ho, Jain, and Abbeel 2020), have evolved
into continuous-time score-based models defined through
stochastic differential equations (SDEs) (Song et al. 2021).
Flow matching (Lipman et al. 2023) offers a determinis-
tic, continuous-time alternative that avoids score estima-
tion by directly supervising a velocity field that transports
noise samples (that is, samples from a Gaussian distribu-
tion) to data. It combines fast sampling and simplified train-
ing, making it an attractive framework for generative mod-
eling. Our work builds upon this foundation by introducing
a graph-based architectural enhancement that enriches ve-
locity predictions with information from neighboring points
along the flow trajectory. On a different note, while recent
works use flow matching for graph generation (Eijkelboom
et al. 2024; Song et al. 2023; Qin et al. 2024; Scassola, Sac-
cani, and Bortolussi 2025; Pombala, Grossmann, and Wolf
2025), our GFM approach focuses on a different goal; it uses
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graph learning techniques for enhancing flow matching tech-
niques.

2.1 Flow Matching Preliminaries

Flow matching formulates sample generation as solving an
ordinary differential equation (ODE) that transports a source
distribution 7y to a target distribution 71 over a finite time
horizon ¢ € [0, 1]. Given two random variables Xy ~
and X ~ 7, with support in X C RY, the goal is to learn a
velocity field vy : R? x [0,1] — R such that the solution
x(t) to the initial value problem
x =vp(x,t), x(0) ~ mp, 3)
satisfies x(1) ~ ;. Learning the velocity field from data
fundamentally constitutes an interpolation problem over the
joint domain X x [0, 1]. Given velocity supervision at a fi-
nite set of spatiotemporal points (x:,,%;), the model must
generalize to unseen points throughout this domain. Flow
matching methods create synthetic supervision by sampling
pairs (xg,x1) ~ (mp, ), selecting an interpolation time
t € [0, 1], constructing an interpolation point x; between xg
and x1, and defining a target velocity v*(x;, t) according to
a transport plan. For example, under constant-velocity trans-
port:
vi(xe,t) = X1 — X0, Xx¢=(1l—t)xo+1tx1. (4)
The training objective minimizes the squared error be-
tween predicted and target velocities:

Lew(8) = Eryxy [[IV6 (x0,8) = v (e [] . (9)

This approach transforms sample generation into a su-
pervised learning problem over velocity samples (x;,t, v*)
drawn from the joint space X x [0, 1]. At inference time, one
generates new samples by numerically solving the learned
ODE Equation 3 starting from X ~ 7.

2.2 Interpolation Perspective

The flow velocity field v(x;,t) is smooth, typically Lips-
chitz continuous in x and ¢ (Gao, Huang, and Jiao 2024;
Gao et al. 2024). Moreover, the learned field satisfies the
continuity equation, ensuring conservative mass transport
(Albergo and Vanden-Eijnden 2022; Lipman et al. 2023).
Learning v from a finite set of samples thus amounts to a
scattered-data interpolation problem: one observes veloci-
ties at sparse (x¢, t) locations and seeks to fit a smooth vec-
tor field throughout the domain. Classical interpolants, such
as radial basis functions, splines, and moving least squares,
recover smooth functions by fitting to nearby samples with
local support (Micchelli 1984; De Boor 1978; Levin 1998).

By contrast, most flow networks predict each v(x¢,t)
independently, ignoring correlations among neighboring
points along adjacent flow trajectories. To explicitly in-
still this inductive bias into the architecture, we build an
attention-weighted graph over the batch at each timestep and
use a lightweight GNN to allow each velocity prediction to
draw on its neighbors, mimicking how interpolation stencils
blend local information. We view the GNN term, vg;s, as a
learnable analogue to classical interpolation kernels, gener-
alizing fixed support functions to trainable networks. Further
discussion is included in the Appendix.



Sl

V(Xt'v E)

o

] V(Xt*./t*)

t*
t=1

Figure 1: Graph flow matching enriches the flow trajectory from the initial distribution (¢ = 0) to the target distribution (¢t = 1)
by connecting, at each intermediate time ¢ (shown as slices) nodes x (shown as dots) that are latent vectors (VAE codes) of
distinct images using attention-based similarity. The flow network output for each node x is its flow velocity v(x, ¢). Each dot
(node) at ¢ = O represents a Gaussian noise image, while each dot (node) at ¢ = 1 represents a generated image. Dashed edges

indicate lower attention weights.

2.3 Graph-based Approaches in Deep Learning

The limitations of pointwise processing have motivated sig-
nificant research into graph-based architectures that explic-
itly model relationships between data points. Graph Neu-
ral Networks (GNNs) have emerged as a powerful frame-
work for incorporating local structure, enabling each point to
aggregate information from its neighbors through message
passing mechanisms (Kipf and Welling 2017; Velickovié¢
et al. 2018).

In geometric deep learning, Graph Convolutional Net-
works (GCNs) (Kipf and Welling 2017), Graph Attention
Networks (GATs) (Velickovi¢ et al. 2018), and Message
Passing Neural Networks (MPNNs) (Gilmer et al. 2017)
have demonstrated the value of neighborhood aggregation
across diverse domains. These architectures naturally en-
code inductive biases about local structure, leading to im-
proved generalization in tasks ranging from molecular prop-
erty prediction to social network analysis.

Recent work has also explored the connection between
GNNs and partial differential equations (PDEs). (Eliasof,
Haber, and Treister 2021) showed that the dynamics of PDEs
can be encoded into GNN architectures, with the implicit
PDE structure greatly influencing their suitability for spe-
cific tasks. This PDE-GNN connection provides a principled
framework for designing graph architectures that capture de-
sired physical dynamics, which is a key inspiration for the
MPNN graph correction module used in our experiments,
as outlined in Section 4.

2.4 Physical Inspiration: Reaction-Diffusion
Systems

Reaction-diffusion systems (Turing 1990), which model
how substances spread and interact in space, provide a
natural framework for incorporating local interactions into
flow matching. In these systems, the evolution of a quantity
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u(x,t) is governed by:

ou

ot

where DAw represents diffusion and R(u) represents reac-
tion (pointwise dynamics).

This decomposition inspires our approach: by treating the
standard flow matching velocity network as a reaction term
that captures pointwise dynamics and adding a graph based
diffusion term that allows neighbor to neighbor communica-
tion, we enable velocity predictions to adapt based on local
flow patterns. In particular, the reaction-diffusion equation is
known to generate complex patterns (Turing 1990) that can
explain many natural processes. Previous work has success-
fully utilized this equation in the context of GNNs (Haber
et al. 2019; Choi et al. 2023; Eliasof, Haber, and Treister
2023, 2024) for solving graph related problems.

= DAu+ R(u), (6)

2.5 Latent-Space Generative Modeling

Generating high-resolution images directly in pixel space
is computationally expensive and often burdens generative
models with the need to reconstruct low-level details that
are perceptually insignificant. Latent-space generative mod-
eling mitigates this challenge by performing generation in a
lower-dimensional, semantically meaningful space. This ap-
proach, popularized by models like Stable Diffusion (Rom-
bach et al. 2022), uses a two-stage process: a VAE first com-
presses images into latent representations, and a generative
model then operates within this latent space to model data
distributions.

Formally, given a pre-trained VAE with encoder £ : 7 —
X and decoder D : X — Z, latent-space generative mod-
eling learns to transform a prior distribution (e.g., Gaus-
sian noise) into the distribution of encoded data points in
X. Here T = [—1,1]7*W*Y denotes the pixel-space of
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Figure 2: FFHQ samples (256 x 256) generated using the same random seed by: (top) baseline ADM U-Net (Dao et al. 2023),
(middle) ADM with MPNN-based correction, and (bottom) ADM with a GPS-based correction module (Rampasek et al.
2022). GFM variants produce more coherent facial features and sharper details compared to the baseline model.

[—1, 1]-normalized H x W x C images (as used by the Sta-
ble Diffusion VAE), and X C R? its latent representation.
The decoder D then reconstructs image samples from this
latent trajectory in X to Z. This formulation provides sev-
eral critical advantages:

* Dimensionality Reduction. Working in latent space re-
duces spatial resolution and channel complexity (e.g.,
from 256 x 256 x 3 images to 32 x 32 x 4 latent ten-
sors), significantly lowering memory and compute re-
quirements.

Semantic Compression. The VAE, trained with percep-
tual and reconstruction losses, discards high-frequency
noise and retains structurally and semantically relevant
content. This reduces the burden on the generative model
to learn low-level detail.

Decoupled Design. Generation and reconstruction are
modular: the VAE handles image fidelity, while the gen-
erative model focuses solely on learning distributional
transformations in latent space.

Building on this design, the Latent Flow Matching (LFM)
framework (Dao et al. 2023) extends flow matching to
this perceptually aligned latent space. Rather than learn-
ing stochastic score-based dynamics as in diffusion mod-
els, LFM learns a deterministic velocity field that transports
noise into encoded data samples by solving an ODE in latent
space. This enables faster inference, fewer function evalua-
tions, and simplified training compared to pixel-space diffu-
sion.

For GFM to be effective, it must connect “neighboring”
points to a graph. An embedded space is, therefore, natu-
ral to us as it defines a distance in latent space, which is
easy to compute and is meaningful for complex data. There-
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fore, we build GFM directly on this latent space setting. We
adopt the same VAE architecture as LFM - namely, the Sta-
ble Diffusion VAE - which maps 256 x 256 RGB images
into 32 x 32 x 4 latent tensors. We retain all components
of the LFM pipeline, including the constant-velocity trans-
port plan, flow matching loss, and ODE solver. Our contribu-
tion lies exclusively in augmenting the velocity field vy (x, t)
with a neighbor-aware graph based correction term. While
there are many possible architectures for this part, here, we
experimented with two architectures discussed below (Sec-
tion 3).

3 Graph Flow Matching

We propose Graph Flow Matching (GFM), a modular en-
hancement to flow matching networks that integrates local
neighborhood structure through a lightweight graph module.
GFM operates under a reaction—diffusion framework and is
model-agnostic, where the velocity field is decomposed into
a standard reaction term which could be any off-the-shelf
pointwise acting flow network, and a graph-based message
passing term (the so-called “diffusion” term that we pro-
pose).

3.1 Reaction-Diffusion Decomposition

Given interpolation triplets (x, ¢, v) constructed via a trans-
port plan during the training phase, GFM predicts the veloc-
ity at each point as:

Vo(X,t) = Vieaat (X, 1) + Vaire(x, t; N(x,1)),  (7)

where Vieye 1S any off-the-shelf flow matching architecture,
and vgi is a graph-based correction term informed by a
neighborhood N (x, t) of surrounding samples at time ¢.



Graph Generation. At each intermediate timestep ¢, we
treat the VAE latent code x; € R**32%32 of every sample in
the minibatch as a graph node. We compute pairwise atten-
tion scores between these nodes. The attention weights form
the adjacency matrix A, so that N'(x;,t) = {x; | A;; > 0}
is exactly the set of latent codes connected to x;, with node
index ¢ in the graph. In Appendix C we provide an ablation
where K-nearest-neighbors with learnable weights was used
to construct the graph.

Reaction Term: Standard Flow Networks. The reaction
term Vpeact (X, t) can be any off-the-shelf flow matching net-
work that predicts velocity from spatial and temporal coor-
dinates. It typically takes the form of a U-Net (Ronneberger,
Fischer, and Brox 2015; Dhariwal and Nichol 2021), Vi-
sion Transformer (Dosovitskiy et al. 2020; Peebles and Xie
2023), or any pointwise neural interpolator. This component
models pointwise transport based on global training dynam-
ics.

In our experiments (Sec. 4), we instantiate vpe,¢ With a
UNet (ADM) (Dhariwal and Nichol 2021) and a transformer
model (DiT) (Peebles and Xie 2023), following the settings
in (Dao et al. 2023). However, GFM is compatible with any
flow matching backbone and training strategy.

Diffusion Term: Neighbor-Aware Velocity Correction.

While the diffusion term v (x, t; NV (%, ¢)) can be imple-
mented using any graph-based neural architecture that ag-
gregates information from neighboring samples, here we fo-
cus on two such architectures: the Message Passing Neural
Network (MPNN) (Gilmer et al. 2017) and a graph trans-
former architecture (GPS) (Rampasek et al. 2022).

MPNN Architecture. The first diffusion term we used is
a custom MPNN architecture where we use a graph gradient
G (sometimes referred to as an incidence matrix) (Eliasof,
Haber, and Treister 2021) to compute the difference between
node features. This yields an edge-based quantity, or edge
features. We then apply a nonlinearity to the edge features
and aggregate them back to the node using the transpose of
the incidence matrix. We then apply a non-linear network to
the result. The network (Equation (7)) can thus be summa-
rized by the following ODE

d
vo(xe,t) = %
= — N(GT[0(G N (x4, )], £) + R(xs,1) .
8)

where R(x,t) denotes the reaction term vre,e, 0 denotes

a nonlinearity and Ng(l) and NG(Q) are lightweight convo-
Iutional networks. This network generalizes the classical

MPNN that uses Multi-Layer Perceptrons (MLPs) for Nél)

and N@(z). While the node data for classical graphs is un-
structured, in our experiments, each node in the graphs rep-
resents an image. Hence, we utilize convolutional architec-

tures (such as UNets) for Ng(l) and N£2) in this paper.

GPS Architecture. Our second instantiation of the graph
correction module employs the General, Powerful, Scal-
able (GPS) graph transformer architecture (Rampasek et al.
2022). We adapt the GPS framework for flow matching
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as follows: (i) recasting each latent tensor in the batch as
a node in a fully connected graph; (ii) integrating tempo-
ral information via learned time embeddings that are pro-
jected and concatenated with node features; (iii) incorporat-
ing random walk positional encodings (RWPE) generated
at runtime using Pytorch Geometrics’s implementation; and
(iv) replacing the standard GINEConv blocks with recurrent
GatedGraphConv units. The GPS architecture alternates lo-
cal message passing and global multi-head attention, allow-
ing nodes to aggregate information from the entire batch. Fi-
nally, the network projects the enriched node representations
back to the original latent tensor dimensions, producing the
diffusion velocity correction term. The adjacency matrix of
this setup is thus attention-based.

Complexity. Graph Flow Matching (GFM) augments
standard flow matching models with a diffusion term com-
puted via a GNN, introducing an additional forward pass per
ODE step. Each batch item corresponds to a node, yielding
a graph with B nodes per step. The computational overhead
depends on the graph topology: fully connected graphs scale
as O(B?) due to dense attention, while k-nearest neighbor
(KNN) graphs scale as O(Bk) in both compute and mem-
ory. The reaction and diffusion terms are parameterized by
separate networks, with the diffusion module adding only
~ 5-10% to the total parameter count in our experiments.
Importantly, GFM does not alter training objectives, solvers
(e.g., Runge-Kutta, dopri5), or integration schedules. It pre-
serves architectural compatibility while offering improved
locality awareness at minimal additional cost.

4 Experiments

We evaluate Graph Flow Matching (GFM) on five stan-
dard unconditional image generation benchmarks: LSUN
Church, LSUN Bedroom, FFHQ, AFHQ-Cat, and CelebA-
HQ, all at 256 x 256 resolution. The goal is to assess the
effect of incorporating neighbor-aware graph based correc-
tion into flow matching pipelines under consistent, state-of-
the-art settings. We also conduct experiments with sparse K-
nearest neighbor graphs (Appendix C), which demonstrate
that GFM provides benefits even with sparse graphs.
Experimental Settings. To isolate the effect of the graph
correction term, we retain all architecture and training set-
tings from the latent flow matching (LFM) models of (Dao
et al. 2023). We therefore perform our experiments in the la-
tent space of the pretrained VAE used by the aforementioned
authors. Specifically, (i) Backbones: The V,cqct(X¢, t) terms
we use are the ADM U-Net (Dhariwal and Nichol 2021)
and DiT Transformer (Peebles and Xie 2023) (specifically,
the ADM variants and DiT-L/2 variant from (Dao et al.
2023)), representing leading convolutional and attention-
based flow architectures; (ii) Latent space: The Stable Dif-
fusion VAE (Rombach et al. 2022), which maps 256 x 256
RGB images into 32 x 32 x 4 latent tensors. All mod-
els operate exclusively in this latent space'; (iii) Train-
ing strategy: Constant-velocity flow matching loss (Equa-
tion (5)), the Dormand—Prince (dopri5) ODE integrator with

'The pretrained VAE used by (Dao et al.
https://huggingface.co/stabilityai/sd-vae-ft-mse

2023):



Dataset Model Total Vdiff FID () FID () Recall
Parameters (M) Parameters (M) VAE—Flow True—Flow (@)
ADM (Baseline) 356.38 0 - 7.70 0.39
ADM+MPNN (Ours) 379.81 23.43 5.06 4.94 0.52
ADM+GPS (Ours) 374.20 18.13 4.67 4.61 0.51
LSUN Church 5o eTine) 456.80 0 - 554 0.48
DiT+MPNN (Ours) 502.09 45.29 2.90 2.92 0.65
DiT+GPS (Ours) 481.25 24.45 2.89 3.10 0.66
ADM (Baseline) 406.40 0 - 8.07 0.40
ADM+MPNN (Ours) 429.82 2343 5.61 5.90 0.62
FFHQ ADM+GPS (Ours) 424.53 18.13 4.80 5.09 0.62
DiT (Baseline) 456.80 0 - 4.55 0.48
DiT+MPNN (Ours) 480.23 2343 3.80 4.52 0.66
DiT+GPS (Ours) 481.25 24.45 3.95 448 0.65
ADM (Baseline) 406.40 0 — 7.05 0.39
ADM+MPNN (Ours) 429.82 2343 4.51 4.18 0.54
ADM+GPS (Ours) 424.53 18.13 4.26 3.97 0.56
LSUN Bedroom —5orgcetine) 456.80 0 = 192 0.4
DiT+MPNN (Ours) 480.23 23.43 2.55 2.66 0.64
DiT+GPS (Ours) 481.25 24.45 3.31 3.57 0.65

Table 1: Performance comparison against the baselines from (Dao et al. 2023) on LSUN Church, FFHQ, and LSUN Bedroom
at 256 x 256 resolution. We report total parameters (Vreact + Vasfr ), With v 45 parameters listed separately to show their minimal
overhead, plus FID (lower is better) and recall (higher is better). Baseline parameter counts were computed from the (Dao et al.
2023) checkpoints on our machine. Corresponding FID(True— VAE) values: Church = 1.01, FFHQ = 1.05, Bedroom = 0.64.

rtol = atol = 10~°, and unmodified training hyperparame-
ters from LFM (Dao et al. 2023).

This ensures that any performance gain arises from our
graph-based diffusion term (i.e., the graph correction mod-
ule vyg;er) rather than hyperparameter tuning or architectural
shifts. We evaluate the two implementations of vy dis-
cussed in Section 3. The MPNN implementation uses neural

components Ne(l) and Né(,2), for which we employ identi-
cal U-Net (Ronneberger, Fischer, and Brox 2015) architec-
tures derived from the U-Net design of (Huang, Lim, and
Courville 2021). The GPS implementation, like MPNN, im-
plements attention-based adjacency. Full architectural and
hyperparameter details are provided in the Appendix.

To provide a nuanced assessment of generation quality,
we introduce three FID metrics: (i) FID(True—Flow), the
standard FID computed between real and generated images;
(i1) FID(True— VAE), which measures the FID between real
images and their reconstructions via the pretrained VAE (re-
ported in table captions) to quantify reconstruction fidelity;
and (iii) FID(VAE—Flow), which compares VAE recon-
structions with generated samples. These metrics allow us
to distinguish generative fidelity from the limitations of the
VAE encoder-decoder pipeline and to better interpret results
within the latent space modeling framework.

Table 1 and Table 2 report Fréchet Inception Distance
(FID), recall, and parameter counts. Across all datasets
and backbones, GFM consistently improves sample qual-
ity, achieving FID reductions of up to and sometimes ex-
ceeding 40% relative to the base models. These improve-
ments are achieved with only modest computational over-
head—typically less than a 10% increase in total parameters.

Qualitatively, GFM-enhanced models generate better-
structured furniture and spatial layouts on LSUN Bedroom,
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sharper and more anatomically plausible faces on FFHQ,
and more coherent architectural forms on LSUN Church as
shown in Figure 2 and Figure 3 (in the Appendix). The ef-
fectiveness of GFM across both convolutional (ADM) and
transformer-based (DiT) models underscores its architec-
tural generality.

To further assess the role of graph structure, we con-
duct an ablation in which the adjacency matrix of the GPS
module is replaced with the identity matrix, thereby elimi-
nating inter-node communication while preserving architec-
tural and parameter parity. Note that for the MPNN module,
setting the adjacency matrix to identity would lead to a zero
gradient matrix G. This would effectively cancel out the dif-
fusion term, leaving only the reaction term vie,, making
the MPNN architecture unsuitable for this particular abla-
tion study. This ablation reduces GPS to a non-graph net-
work and thus isolates the effect of the graph from the ad-
dition of a second network. Results in Table 3 show a clear
degradation in FID and recall when graph connectivity is
removed, confirming that performance gains stem from
graph structure rather than parameter count or the ad-
dition of a second network alone. This conclusion is fur-
ther supported by our KNN ablation (Appendix C), where
sparse graphs with controlled parameter counts still outper-
form wider baseline models, demonstrating that the bene-
fits arise specifically from enabling inter-node communica-
tion, whether through dense or sparse connectivity, rather
than simply from increased model capacity. Notably, GFM
provides consistent performance gains across both convo-
lutional (ADM) and transformer-based (DiT) architectures.
This underscores the generality of GFM as an architectural
enhancement that is agnostic to the flow matching backbone

Vreact-



Dataset Model Total Vdiff FID (}) FID (}) Recall
Parameters (M) Parameters (M) VAE—Flow True—Flow ()]
ADM (Baseline) 153.10 0 7.40 7.34 0.32
ADM+MPNN (Ours) 163.17 10.07 7.01 6.97 0.35
ADM+GPS (Ours) 171.23 18.13 2.92 4.63 0.54
AFHQ-Cat DiT (Baseline) 456.80 0 8.24 9.05 0.42
DiT+MPNN (Ours) 480.23 23.43 7.19 8.07 0.51
DiT+GPS (Ours) 481.25 24.45 8.21 8.98 0.42
ADM (Baseline) 153.10 0 7.54 6.80 0.50
ADM+MPNN (Ours) 176.53 23.43 5.33 6.28 0.56
ADM+GPS (Ours) 177.55 24.45 5.89 6.71 0.52
CelebA-HQ —5rrgaceting 456.80 0 6.85 623 0.55
DiT+MPNN (Ours) 480.49 23.43 5.85 6.16 0.57
DiT+GPS (Ours) 481.25 24.45 6.09 6.18 0.59

Table 2: Performance comparison on AFHQ-Cat and CelebA-HQ at 256 x 256 resolution, computed entirely on our machine
with Vycq¢¢ architectures ADM and DiT-L/2 being taken from (Dao et al. 2023). We report total parameters (Vicact + Vdiff ),
with v 4, parameters listed separately to show their minimal overhead, plus FID (lower is better) and recall (higher is better).
Corresponding FID(True— VAE) values for the datasets are: AFHQ-Cat = 3.18, CelebA-HQ = 1.29.

Dataset Model Total Vdiff FID () FID () Recall
Parameters (M) Parameters (M) VAE—Flow True—Flow (@)
ADM+GPS 374.20 18.13 4.67 4.61 0.51
ADM+GPS (Adj=I) 374.20 18.13 6.24 5.71 0.51
LSUN Church 57 s 48105 7445 7.89 3.10 0.66
DiT+GPS (Adj=I) 481.25 24.45 4.63 4.80 0.64
ADM+GPS 424.53 18.13 4.80 5.09 0.62
FFHQ ADM+GPS (Adj=I) 424.53 18.13 6.12 6.58 0.59
DiT+GPS 481.25 24.45 3.95 4.48 0.65
DiT+GPS (Adj=I) 481.25 24.45 4.02 4.53 0.64
ADM+GPS 171.23 18.13 2.92 4.63 0.54
ADM+GPS (Adj=I) 171.23 18.13 7.51 7.20 0.35
AFHQ-Cat 77 5pg 48125 2445 g21 808 042
DiT+GPS (Adj=I) 481.25 24.45 8.26 9.01 0.41

Table 3: Ablation study isolating graph structure benefits in LSUN Church, FFHQ, and AFHQ-Cat. We compare our full
graph augmented networks against an identical-parameter baseline where the graph adjacency matrix is set to identity (Adj=I),
eliminating inter-node communication while preserving all network parameters. Total parameters include the v 4, parameters.
Performance degradation when graph connectivity is removed (Adj=I) demonstrates that gains arise from graph structure, not

just parameter count.

5 Conclusion

We introduced Graph Flow Matching (GFM), a lightweight
architectural enhancement that improves the expressiveness
of flow matching generative models by incorporating local
neighborhood structure via a graph-based “diffusion” term.
Through a reaction—diffusion decomposition, GFM enables
pointwise velocity predictors to aggregate contextual infor-
mation from neighboring samples along the flow trajectory,
offering a principled and scalable mechanism for improving
the interpolation of the flow field.

Our results demonstrate that GFM consistently enhances
generative quality across multiple datasets and architec-
tures, reducing FID and increasing recall with minimal com-
putational overhead. Importantly, these improvements hold
across both convolutional and transformer-based backbones,
highlighting the generality of our approach.

Ablation studies confirm that performance gains arise
from incorporating a graph, rather than merely from the ad-
dition of parameters or a second network. These findings
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underscore a broader principle: local correlations along the
flow trajectory can be leveraged to improve sample quality.

Looking forward, we believe GFM opens several avenues
for exploration and extensions to conditional or multimodal
generation. More broadly, our work suggests that combining
continuous-time generative frameworks with discrete geo-
metric priors offers a promising direction for robust, high-
fidelity generative modeling.
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