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Abstract

Flow matching models have shown great po-
tential in image generation tasks among prob-
abilistic generative models. However, most
flow matching models in the literature do
not explicitly utilize the underlying clustering
structure in the target data when learning the
flow from a simple source distribution like the
standard Gaussian. This leads to inefficient
learning, especially for many high-dimensional
real-world datasets, which often reside in a
low-dimensional manifold. To this end, we
present Latent-CFM, which provides efficient
training strategies by conditioning on the fea-
tures extracted from data using pretrained
deep latent variable models. Through experi-
ments on synthetic data from multi-modal dis-
tributions and widely used image benchmark
datasets, we show that Latent-CFM exhibits
improved generation quality with significantly
less training and computation than state-of-
the-art flow matching models by adopting
pretrained lightweight latent variable mod-
els. Beyond natural images, we consider gen-
erative modeling of spatial fields stemming
from physical processes. Using a 2d Darcy
flow dataset, we demonstrate that our ap-
proach generates more physically accurate
samples than competing approaches. In addi-
tion, through latent space analysis, we demon-
strate that our approach can be used for condi-
tional image generation conditioned on latent
features, which adds interpretability to the
generation process.

1 Introduction

Flow Matching (FM) is a generative modeling frame-
work that directly learns a vector field that smoothly
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transports a simple source distribution to a target data
distribution [Lipman et al.| (2023). Compared to widely
adopted diffusion generative models Song et al.| (2020));
Ho et al.| (2020)), FM provides a framework for building
deterministic transport paths for mapping a simple
noise distribution into a data distribution. In fact, the
FM framework can also map between two arbitrary dis-
tributions [Liu et al.| (2022); Albergo et al.| (2023). The
FM transport paths may be constructed to promote
beneficial properties such as shortness and straightness
of paths, providing significant computational benefits
Tong et al.| (2024). FM has been shown to be ap-
plicable beyond Euclidean spaces, and extensible to
incorporate optimal transport principles and novel con-
ditioning mechanisms to improve sample quality and
expressivity [Tong et al.[ (2020); |Albergo et al.| (2023));
Tong et al.|[(2024]). These developments have facilitated
applications in various domains, including foundation
models for video generation |[Polyak et al.| (2025)), molec-
ular modeling |[Hassan et al.| (2024), and discrete data
generation (Gat et al.| (2024).

Despite these strengths, a limitation of current FM
models stems from the fact that the prior knowledge
about the underlying structures of the target data
(such as low-dimensional clusters) is not explicitly in-
cluded in the modeling, which can potentially lead to
inefficiency in the FM training and convergence. One
component of FM that could incorporate such informa-
tion is the source distribution. Typically, an isotropic
Gaussian |Lipman et al.| (2023); [Tong et al.| (2024) is
used as the source, in an independent coupling with the
target. Ounly recently, FlowLLM |Sriram et al.| (2024)
modified the source distribution as the Large Language
Model generated response that FM subsequently refines
to learn a transport to the target distribution. How-
ever, a data-driven source for high-dimensional image
datasets is challenging to learn since transporting a
custom source distribution to the target requires spe-
cialized loss functions and sampling processes |[Daras
et al.| (2022); [Wang et al|(2023)). On the other hand,
very few works have explored ways to incorporate the
underlying clustering structure of the data |[Jia et al.
(2024)); |Guo and Schwing| (2025)) during training. These
works condition the flow from source to target distribu-
tion using latent variables. However, these works often


asamaddar@anl.gov
yixuan.sun@anl.gov
vikn@kth.se
smadireddy@anl.gov

Efficient Flow Matching Using Latent Variables

lead to suboptimal performance for high-dimensional

datasets while requiring customized training strate-

gies that are dataset-dependent and expensive, thus
restricting their broader applicability.

To address these limitations, we adapt advances in
deep latent variable modeling Kingma and Welling
(2022)) to FM, and propose a simple and efficient train-
ing and inference framework to incorporate data struc-
ture in the generation process. Our contributions are
as follows —

e We propose Latent-CFM, a FM training framework
that efficiently incorporates and finetunes lightweight
deep latent-variable models, enabling conditional FM
networks to capture and leverage low-dimensional
clustering structures of the data efficiently.

e We demonstrate the effectiveness of the proposed
framework in significantly improving generation qual-
ity and training efficiency (up to 50% fewer steps)
compared to popular flow matching approaches in
2d synthetic mixture and popular image benchmark
datasets such as MNIST, CIFAR10, and ImageNet.

e We show the superiority of Latent-CFM in generat-
ing physically consistent data with experiments on
the 2d Darcy flow dataset, where consistency is mea-
sured through the residual of the governing partial
differential equation, in contrast to the natural image
datasets.

e We explore the ability of our method in feature-
conditional generation and extend it to composi-
tional generation from the product of two feature-
conditioned distributions. This allows generation-
based low-frequency features learned from com-
pressed latent representations, allowing regeneration
of images with similar characteristics; see Fig. [f]

2 Related works

Continuous flow-based generative models, like diffu-
sion and flow matching, evolve samples from a (typi-
cally) simple source distribution to a complex target dis-
tribution Song et al.| (2020)); Lipman et al.| (2023)); Tong
et al.| (2024). The most common choice for source distri-
bution is Gaussian white noise. Many works have con-
sidered conditional generation based on these models
Dhariwal and Nichol| (2021)); [Ho and Salimans| (2022));
Zheng et al.| (2023)), e.g. based on class labels, or text
captions (prompts), by incorporating this information
in the input of the network. This enables techniques
such as classifier-free guidance, and typically leads to
better overall performance.

Source sample structure A different approach to
generating samples based on structural information is
to incorporate this in the source distribution. |Kollovieh!
et al.| (2024) attempts to model the source distribution
as a Gaussian process (GP) to model the generation of
time series data. In Sriram et al.| (2024)), the authors
use a fine-tuned LLM to generate the source (noisy)
samples to be transported by a discrete flow matching
model for materials discovery. Diffusion Schédinger
bridges De Bortoli et al| (2021) is an unsupervised
framework for learning couplings 7 between the source

and target distributions such that target samples are
close to their source, in accordance with some reference
corruption process, the low-noise limit being optimal
transport (OT) couplings. Another line of work in
this direction uses discrete OT-couplings computed on
batches for training the flow network |[Pooladian et al.
(2023)); |Tong et al.| (2024). This similarly promotes
OT-like proximity between source and target samples.

Latent variables Recent studies |Guo and Schwing
(2025);|Jia et al.| (2024)) in incorporating data structures
in diffusion and flow matching models have focused on
a modeling approach where the flow network is condi-
tioned on a latent variable. In diffusion models, |[Jia
et al.| (2024)) proposed learning a Gaussian mixture
model from data and conditioning the denoiser neu-
ral network with the learned cluster centers during
training. The method shows promising results for 1-
dimensional synthetic datasets but suboptimal results
for high-dimensional datasets. In flow matching, [Guo
and Schwing (2025)) proposes to adapt deep latent vari-
able models |[Kingma and Welling| (2022)) to cluster the
conditional transport paths. The authors show promis-
ing results on high-dimensional datasets; however, the
method demands expensive training. In Fig. [1} we
show that the popular CFM models fail to capture the
multi-modal data structure of the 2d triangle dataset
with 16 modes (details in supplementary material).

In this study, we present Latent-CFM, a framework
for incorporating low-dimensional structures of the tar-
get data into the training/inference process of con-
ditional flow matching models. Our approach en-
ables adapting the popular deep latent variable models
Kingma and Welling| (2022)) for efficient training and
high-quality sample generation. In addition, our ap-
proach can generate samples conditioned on data fea-
tures, adding interpretability to the generated samples,
which is uncommon for the standard flow matching
approaches. Fig. [I¢ shows that our approach can gen-
erate samples capturing the multi-modal structure of
the data.

3 Latent-CFM: Conditional Flow Match-
ing with Latent variables

This section describes our proposed method
Latent-CFM. First, we describe the notations that will
be followed throughout the manuscript.

3.1 Background and Notations

We denote the unknown density of the data distribu-
tion over R? by p;(z) and the source density, which is
known and easy to sample from, by po(x). Generative
modeling involves finding a map from the simple source
density po(z) to the complex data distribution p; (z).
We denote z¢, and z; as the random variables following
the distributions po(z) and p;(x) respectively.

Probability flow ODE: A time-dependent vector
field u; : [0, 1]xR? — R? defines an ordinary differential
equation,

doi ()
dt

= u(¢4(2)); do(x) = 0 (1)
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(c) OT-CFM

(d) VRFM
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(e) Latent-CFM (VAE)

Figure 1: (a)-(d) showing generation quality of different flow-based generative models on 2d triangle dataset
with 16 modes. Popular conditional flow matching approaches generated samples fail to capture the multi-modal
structure of the target data distribution. (e) Latent-CFM generates samples similar to the data samples, capturing

the multi-modal data structure.

where ¢:(x) is the solution of the ODE or flow with
the initial condition in Eq and u(.) (interchange-
able with u(.,t)) is the ground-truth vector field that
transports the samples from the source to the target
distribution. We denote p;(.) as the generated proba-
bility path by Eq. [} with po(.),p1(.) as the source and
target distribution, respectively.

Flow Matching: Flow matching involves learning
the vector field u,(.) that generates the flow from source
to target distribution using a neural network vg(.,t) by
optimizing the loss:

Lrn =Bt p, o) [[ve(,t) — ug(a)][3] (2)

Given the marginal probability path pi(z)
N (x|, 021), the ODE flow that generates the path
is not unique. However, a simple choice of the flow
is ¢¢(€) = p + ore;e ~ N(0,1). (Lipman et al., 2023
Theorem 3) and (Tong et al 2024, Theorem 2.1) show
that the unique vector field that generates the flow has
the following form:

/

(@) = 2t (@ — ) + 4 (3)

Ot
1 dpe. s do
where, py = 20, = 7t

Conditional Flow Matching: The probability path
p¢ is unknown for general source and target distribu-
tions. Lipman et al.| (2023)); Tong et al.|(2024) proposed
conditional flow matching (CFM) where the probabil-
ity path p:(.|zo, 1) and the vector field wu:(.|zg, x1) is
conditioned on the end-point samples (xg, 1) drawn
from the distribution ¢(zo,x1). The marginal vector

field u; and the probability path p; are given by:

pelr) = / pu(alzo, 21)q(zo, 21 )deodz:  (4)

ug(x) = /ut(x|xo,xl)pt(x|x0’wl)Q(xo’xl)dxodxl
pe(x)

(5)
Eq. [ induces a mixture model on the marginal prob-
ability path p;(xz) with the conditional probability
paths p:(z|zg,z1) weighted according to the likeli-
hood ¢(zg,z1). Similarly the marginal vector field
ug(z) is an weighted average of the conditional vec-

tor field w:(x|zg,x1) with the posterior likelihood

pe(To, z1|2) = W as weights.

Given that we know the conditional vector field
ut(x|zo, 1), it is not possible to derive the marginal
u¢ () since the denominator of the posterior p;(xg, x1|x)
involves the intractable marginal probability path p;(x).
Therefore, Lipman et al.| (2023); Tong et al.| (2024) pro-
posed conditional flow matching objective:

Lcrm = Et,q(wo7w1),pt(w|mo,w1) [| |’Ua(1?, t) - ut($|f£0, x12||)§]

6
The CFM objective requires samples from p;(x|zg, 21),
and ¢(zo,z1) and the target conditional vector field
u(z|zo, 7). |Lipman et al| (2023); |Tong et al|
show that under mild conditions VyLcrm(0) =
VoLrm(0). Therefore, the learned vector field vg«(x, t)
that minimizes Eq. [f]is also the minimizer of Eq.[2] As
a consequence, we can directly solve Eq. [1| with replac-
ing us(.) by vg+ (., t) to transport the source distribution
samples to the target distribution.
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Figure 2: Schematic of Latent-CFM framework. Given
a data x1, Latent-CFM extracts latent features using
a frozen encoder and a trainable stochastic layer. The
features are embedded using a linear layer and added
to the learned vector field. The framework resembles
an encoder-decoder architecture like VAEs.

3.2 Latent-CFM framework

A key ingredient in CFM training is to specify the
conditioning distribution g(xg,x1) to sample for the
CFM training. There are several choices, such as inde-
pendent coupling |Tong et al.| (2024), optimal transport
Tong et al.| (2020)), etc. Motivated by the deep latent
variable models (LVMSs) such as VAEs Kingma and
Welling| (2022)), we propose Latent-CFM that combines
recent developments of LVMs with flow matching for
improved generative modeling.

We implicitly model ¢(zo,z1) as a mixture distribu-
tion with mixture weights given by a latent variable f
with density q(f) defined over R¥ where k < d,

a(zo,a1) = / o(Fawo, 21| F)df (1)

q(xo,x1|f) is the likelihood of the conditioning distri-
bution given the variables f. In this study, we model p;
as independent of the source distribution py where p;
is assumed to be a mixture of conditional distributions
conditioned on the latent random variable f,

(®)

In Eq.[8] the random variable f represents latent vari-
ables that can be used to model the data distribution
efficiently. Eq. [7] aligns with the manifold hypothesis,
which states that many real-world datasets tend to
concentrate on low-dimensional manifolds. We aim to
learn the latent variables from the data and augment
them to aid the generative modeling.

We introduce the Latent-CFM loss function,

q(xo, 1]f) = po(xo) X p1(x1]f)

Lratent-crn = Bt g(£),q(w0,211f)pe (w]z0,21) [V (@, f,1)

— g (|0, 1)|[3, )
where q(z9,x1|f) is according to Eq. [§ During sam-
pling, we can generate samples from the latent distri-
bution f ~ ¢(f) and the source distribution xzq ~ po(z)

4

and solve Eq. |1| replacing the vector field by ve(z, f, )
fixing f. Computing Eq. [9 requires us to sample from
q(f), which is unobserved. Note that we can modify
Eq. [9 into a more tractable objective,

[’Latent—CFM = Et,q(mo,ml),q(ﬂmo,ml),pt(m|zo,r1) ||U9 (SL’, fv t)
— (o, 21)|3 (10)

We can apply Bayes theorem: q(xg,x1)q(f|xo,21) =
q(f)q(xo, z1|f) to show the equivalence between Eq.
and@ In Eq. we can sample (xg,x1) ~ q(xo, 21
and sample the posterior distribution q(f|zo,z1) to
compute the objective. Note that, the model in Eq[3]
implies that f is independent of the source x( and hence
the posterior ¢(f|xo,x1) = q(f|z1). However, we keep
the general notation ¢(f|zo, 1), a more general model
for the data where latent variables govern both source
and target distributions. Proposition shows that if
vg(z, f,t) has learned the minimum of Liatent-cru, its
flow generates the data distribution.

3.2.1 Choice of ¢(.|x1)

The latent posterior distribution ¢(.|z1) should be
easy to sample from and capture high-level structures
in the data. In this study, we set g(.|z1) to be the
popular variational autoencoders (VAE) Kingma and
Welling| (2022) for their success in disentangled feature
extraction in high-dimensional datasets. The details
about the VAEs are presented in the Appendix [C] In
addition, we also explore Gaussian mixture models
(GMM) Pichler et al.| (2022) for their efficient training
on small-dimensional generative modeling, which we
describe in the supplementary material.

In this study, we pretrain the VAEs optimizing the
standard negative ELBO loss in Eq.[22] on the datasets
and use the pretrained encoder g;(f|x1) as a feature
extractor. When using the encoder in Latent-CFM, we
finetune the final layer (parameterized by Afina) that
outputs (u,log(o)) and we regularize its learning with
a KL-divergence term added to Eq.

£Latent—CFM < ]Eq(xg,azl) [
]Etﬁl(f\fﬂo,fﬂl)7Pt(r|ro,£1)Hve(m7 fs t) - Ut($|{L‘0, xl)”%
+ BDR L7 ina (flzo, 20)|[p(f))]  (11)

where, p(f) = N(0,1). Eq. is an upper bound of
Eq.[10]since KL-divergence is non-negative. In addition,
we have empirically observed that the KL-divergence
term resulted in the model learning beyond reconstruc-
tion of the data z; and increasing variability in uncon-
ditional generation. The loss in Eq. [[1]is similar to
VRFM loss |Guo and Schwing] (2025)) in Eq. How-
ever, in Latent-CFM the encoder gy,,,, (.70, 21) only
depends on the endpoints, which enables sample gener-
ation conditioned on the data features. Sec.[Bldiscusses
the difference between the two loss functions in more
detail.

Fig. 2| shows the schematic of the Latent-CFM model.
Given data xp, it passes through the frozen encoder
layer to output the latent variable z. The latent vari-
ables are then embedded through a linear layer and
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Figure 3: W2 vs epochs on 2d synthetic dataset

added to the neural network vg(., ., z). The Latent-CFM
model in Fig. [2| can be viewed as an encoder-decoder
(red and purple boxes) architecture where the encoder
extracts the features and the decoder reconstructs
the sample conditioned on the features. However,
Latent-CFM learns to predict the vector field condi-
tioned on the features from the encoder, which is inte-
grated to reconstruct the final image.

3.2.2 Algorithm

The training algorithm for Latent-CFM is described
in Alg. [A71] In this study, following I-CFM [Tong
et al| (2024)), we adopt the conditional probability flow
pi(x]xo, 11) = N(z|ter + (1 —t)z0,021), and the vector
field us(z|xo, 1) = x1 — 9. We propose to pretrain
a VAE model before the CFM training loop using the
same training set. However, one can run a training
loop where the VAE encoder and the vector field pa-
rameters are updated jointly at each step. We omit this
training algorithm since it is similar to the VRFM |Guo
and Schwing (2025) method with the key difference in
choosing a static encoder g (.|zo, 1) whose parame-
ters are trained along with the vector field. Finetuning
the last layer also enables regularizing the information
learned in the latent space through the KL term in

Alg. describes the inference procedure. Dur-
ing inference, we need to draw samples from the esti-
mated marginal distribution of the variables p(f) =
J p1(2)q;(f|a)dz. For a moderately high-dimensional
latent space, sampling from the marginal is difficult.
Therefore, we reuse the empirical training samples
(ziraim . xi@m) for a given sample size K, to draw
samples f; ~ g5 (flzi™™) for alli =1,..., K.

4 Experiments

We compare the proposed Latent-CFM against I-
CFM |Lipman et al.| (2023)), OT-CFM |Tong et al.| (2024)),
and VRFM |Guo and Schwing] (2025)) on (a) uncondi-
tional data generation using synthetic 2d and high-
dimensional image datasets and (b) physical data gen-
eration. We then analyze the learned latent space in

Method W2 (1)
OT-CFM 0.010 & 0.0031
I-CFM 0.014 + 0.0066
VRFM 0.050 4 0.0344
Latent-CFM (VAE) | 0.009 + 0.0013
Latent-CFM (GMM) | 0.007 + 0.0008

Table 1: Wasserstein-2 distance between the gener-
ated samples from the models and the test samples
on 2d Triangle datasets. The mean and the standard
deviations are calculated across 5 random data density
shapes. Latent-CFM shows the most similarity with
the test samples.

the Latent-CFM model. Implementation details for all
experiments are presented in the appendix.

4.1 Synthetic data sets

We use the 2d Triangle dataset [Pichler et al.| (2022);
Nilsson et al.| (2024) to benchmark the models’ genera-
tion quality. The data distribution contains 16 modes
(Fig. [[(a)) with different densities, and we generate
100K samples and divide them equally between the
training and testing datasets.

All evaluated models share the same neural network
architecture for the learned vector field. For VRFM, we
fix the latent dimension to 2 and the encoder architec-
ture to be similar to the vector field network. For the
Latent-CFM, we consider two variants differing in their
pre-trained feature extractors: (1) a 16-component
Gaussian mixture model (GMM), and (2) a continuous
VAE with 2d latent space with § = 0.1. The train-
ing/inference algorithms for Latent-CFM with GMM
are described in the appendix. For sampling, we have
used the doprib solver to solve the ODE in Eq. [T}

Training efficiency Fig. |3|shows the Wasserstein-2
(W2) distances with the test data vs the training epochs
for the two Latent-CFM variants and the [-CFM and
OT-CFM on the 2d synthetic dataset. We observe that
Latent-CFM methods show lower W2 distances than the
baseline methods for all training epochs. Latent-CFM
with the GMM achieves a marginally better result than
with the VAE encoder.

Generation quality Fig. b)—(d) show the genera-
tion trajectories (yellow lines) of I-CFM, VRFM, and
OT-CFM from the source to the target samples on the
2d triangle dataset. Fig. [Lel shows a 3d trajectory plot
for Latent-CFM (VAE) with the samples from the time
steps [0, 0.6, 1] highlighted. Compared to the other
models, Latent-CFM generates samples that present all
modes of the true data distribution. Table [ shows the
summary (mean =+ standard deviation) of W2 metrics
of all models, where the Latent-CFM variants exhibit
lower W2 distances from the test samples than the
competing methods. The GMM variant of Latent-CFM
achieves the lowest W2 score.

The VRFM method shows the highest W2 distance
among all methods. Fig. [A1] shows the effect of sim-
plifying the VRFM input from (zg, z1, 2, t) to a1 for
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Figure 4: FID vs training steps show that Latent-CFM with pretrained VAE shows better generation quality
compared to baseline methods on both CIFAR10 and ImageNet datasets early in the training process.

CIFAR10 MNIST ImageNet
Methods FID FID (1 FID
# Params. —55——ggp (QAdaptive # Params. 1000( )Adaptive # Params. —Gnp (Sil)DE
OT-FM 358 M | 4.661 | 3.862 | 3.727 [56M | 15.000 | 15.8%0 | 16.012 - - -
LCFM 358M | 4308 | 3.573 | 3.561 156 M | 14272 | 14.928 | 15.050 675.1M | 6.803 | 6.745
Latent-CFM (joint) 73M | 4675 | 3931 [ 3807 [58M | 13.818 | 14.572 | 14.674 - - -
Latent-CFM (pretrained) | 361 M | 4.246 | 3.575 | 3.514 158 M | 13.848 | 14.543 | 14.694 675.2M | 6.076 | 5.955

Table 2: Image generation performance of Latent-CFM compared to I-CFM and OT-FM on natural image datasets.
Our method exhibits improved (or similar) FID over the state-of-the-art methods using both fixed-step Euler and

the adaptive dopri5 solver for all datasets.

the encoder model (details in Sec. . The plot shows
a significant improvement in the generation with an
improved final W2 distance of 0.015 vs the 0.050 in
Table [l This demonstrates that it is easier to learn
with the Latent-CFM encoder model, ¢(.|x1), with the
data as input, due to the underlying multimodal data
distribution.

4.2 Unconditional Image Generation

For image generation, we train the OT-CFM, I-CFM,
and Latent-CFM on MNIST, CIFARI10, and ImageNet
256 x 256 datasets. The details of the datasets are in the
appendix. On MNIST and CIFAR10, we followed the
network architectures and hyperparameters from [Tong
et al.| (2024) to train OT-CFM and I-CFM. We did
not find an open-source implementation for VRFM
and implemented two VRFM variants with inputs (1)
(1,0, 2, 1), and (2) (z1,t) on CIFAR10. We train
two variants of Latent-CFM with: (1) a pretrained
encoder where only A is updated during training of the
vector field network, and (2) an encoder jointly whose
full parameter set is trained from scratch together with
the vector field network. We fix g = 0.005 for MNIST
and 8 = 0.001 for CIFAR10 in Eq. The analysis
on the impact of § is in Sec. [l We train all models
for 600K steps on CIFAR10 and 100K on MNIST. For
both datasets, we use both a fixed-step Euler solver for
100 and 1000 steps and an adaptive doprib solver for
solving the ODE.

On ImageNet, we compare Latent-CFM with the SiT

model Ma et al.| (2024), which is an I-CFM model.

We train both models for 800K steps. We pretrain a
VAE for 200K steps and use the encoder for training
Latent-CFM. We fix § = 0.001 and the latent dimension
to be 128 for the Latent-CFM training. We follow the
Stable Diffusion Rombach et al.| (2022) architecture for
training flows embedded in a latent space of smaller
dimension. We were unable to find an open-source
implementation for VRFM on ImageNet. We use an
adaptive doprib solver for ODE sampling and an Euler-
Maruyama sampler for 250 steps for SDE sampling.

Training efficiency Fig. [4 shows the FID vs train-
ing steps for I-CFM and Latent-CFM on CIFAR10 and
ImageNet. On both datasets, Latent-CFM with pre-
trained VAE exhibits significantly lower FID than I-
CFM across training steps, demonstrating efficiency.
On both datasets, compared to I-CFM, Latent-CFM
achieves similar levels of FID (~ 3.55 on CIFARIO,
~ 7 on ImageNet) with 50% fewer training steps. Note
that the best FID for Latent-CFM is ~ 3.467, which
is lower than the final I-CFM FID ~ 3.561 and is the
minimum across methods and solvers (Table [2)) on CI-
FAR10. On CIFARI10, Latent-CFM with a pretrained
encoder shows better (~ 7% lower FID across steps) ef-
ficiency than a jointly trained model. On ImageNet, we
observe a significant decrease in training speed to 1.3
steps/second for Latent-CFM with a jointly trained en-
coder, from 2.4 steps/second using a pretrained encoder.
This further demonstrates the efficiency of Latent-CFM
compared to VRFM (which jointly trains an encoder
with a larger set of inputs) on large datasets. We add
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Figure 5: Plot showing a generated sample from I-CFM
(top row) and Latent-CFM (bottom row) models trained on
10K samples generated by solving Darcy Flow equations
[Jacobsen et al|(2025)). Visually generated samples from
both models resemble true Pressure and Permeability fields.
However, Latent-CFM exhibits a better fit to the Darcy flow
equations as measured by the residuals.

the results for the Latent-CFM with a jointly trained
encoder in Appendix

Generation quality We evaluate the samples us-
ing the Fréchet inception distance (FID) [Parmar et al.
(2022), which quantifies the quality and diversity of
the generated images. Table [2] shows the parameter
count and the FID of the unconditional generation for
the models on CIFAR10, MNIST, and ImageNet for
different solvers and different numbers of integration
steps. All models are evaluated at their final training
step. We observe that Latent-CFM variants consistently
outperform the I-CFM and OT-CFM across datasets
and solvers in terms of FID. On MNIST, two vari-
ants of Latent-CFM show similar FID. On CIFARI10,
Latent-CFM with a pretrained encoder achieves lower
FID (by ~ 7%) compared to the jointly trained model,
highlighting the benefit of a pretrained encoder model.
Latent-CFM sampling uses features learned from the
training data. Sec. [K]shows that this does not prohibit
our approach from generalizing beyond the training
data.

With our best efforts, we were unable to reproduce
the VRFM FID numbers on CIFAR10 from
. Table. compares the final step
FID with dopri5 solver for the two VRFM models with
our approach and with the two best VRFM models
reported in |Guo and Schwing| (2025)). We observe that
Latent-CFM performs similarly to the best-performing
VRFM model from |Guo and Schwing| (2025) (with ~
20% less time in terms of GPU hours). We also observe
in our implementation of VRFM that simplifying the
input to the model results in lower FID.

4.3 Generation of 2D Darcy Flow

Beyond the image space, generative models have
great potential in advancing scientific computing tasks.
Different from images, scientific data must satisfy spe-
cific physical laws on top of visual correctness. As a
result, generated samples from the unconditional mod-
els usually present non-physical artifacts due to the

I-CFM Latent-CFM
# Params. 35.7M | 68.8M 35.7TM
Residual median | | 5.922 | 4.921 3.18

Table 3: Comparison of the PDE residuals of the gener-
ated Darcy flow samples ([K, p] pairs) from Latent-CFM
and I-CFM with two model sizes. Latent-CFM model
size is a sum of the vector field parameters and the
VAE encoder parameters. The samples generated using
Latent-CFM, despite the smaller models, present lower
PDE residuals.

Figure 6: Conditioning the generation process of
Latent-CFM on the features learned from the training
samples shows that the framework generates samples
by varying the objects while retaining properties like
background, colors, object shape, etc. All samples
shown have the same feature vector f respectively.

lack of physics-based structure imposed during learn-
ing [Jacobsen et al|(2025);|Cheng et al|(2024). We use
Latent-CFM to explore its performance of generating
permeability and pressure fields (K and p) in 2D Darcy
flow and compute the residuals of the governing equa-
tions to evaluate generated samples. Details of data
generation and parameter choices are in Appendix

We train I-CFM and Latent-CFM on the 10K sam-
ples of the 2d Darcy flow process. We adopted the
network architecture for the vector field from our CI-
FARI10 experiments for this data by changing the input
convolution to adapt to the Darcy flow data size, which
is (2,64,64). We pretrain an embedding VAE model
following Rombach et al| (2022)) for 100k steps. We
set the latent dimension to be 2 and 8 = 0.001 for the
feature extractor.

Generation quality Fig. 5| shows the generated
samples from I-CFM and Latent-CFM. Both mod-
els generate visually plausible [K, p] pairs. However,
Latent-CFM resulted in samples with lower residuals,
making them more physically aligned with the gov-
erning equations. Table. [3] shows the median mean-
squared-residuals for the methods calculated on 500
generated samples and also their parameter counts.
We observe that a smaller Latent-CFM (# parame-
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Figure 7: Plot showing a selected set of generated samples from the product of two feature-conditioned distributions
using Latent-CFM. Changing one of the feature-conditioned distributions in the product, all generated samples
share the high-frequency features (such as the skin pattern of the frog), varying the low-frequency features (like

color and background).

ters 35.7M) significantly outperforms the large I-CFM
model (# parameters 68.8M) in terms of the median
residual. Using the 2d latent space, Fig. (details
are in Sec. E[) shows the latent traversal along each
of the two latent coordinates. The figure shows that
traversing the latent space generates physically consis-
tent samples. The superiority of Latent-CFM in this
dataset motivates us to investigate its performance for
other scientific data generation tasks and examine the
learned latent space in future work.

4.4 Latent space analysis

This section analyzes the latent space learned by
the Latent-CFM models trained on the CIFARI10
dataset. We investigate (1) the effect of condition-
ing the Latent-CFM generation on the data features
[~ q(.|ztrei™), (2) compositional generation compos-
ing multiple feature-conditioned distributions learned
from multiple data points.

Conditional generation by image features An
important property of the Latent-CFM is the ability to
generate samples from the distribution p; (z|f) condi-
tioned on the features f. Fig. [6] shows 100 generated
samples conditioned on the CIFAR10 data sample of
a car image (on the left). For all generations, we fix
the same latent sample f ~ g5 (f[2{*") where 2*" de-
notes the selected CIFAR10 image and vary the source
samples 29 ~ N(0,I). We observe that Latent-CFM
generates different images while retaining properties
like color schemes and object shape, etc.

Composing feature-conditioned distributions
Recent works Du et al.| (2024)); Bradley et al. (2025) in
diffusion models have explored generating high-fidelity
samples from a composition of class-conditional gen-
erative models. We extend this idea to flow match-
ing models for generating samples from a composition
of feature-conditioned distributions using Latent-CFM.
Given two feature-conditioned densities p(.|f1), p(.|f2)
where the features fi1 ~ q(.|x{"%"), fo ~ (|22 are
extracted from two training samples (z{ ", glrein),
we want to sample from the product distribution

p' = [li=1 2 p(.|fi), which has high likelihood under 5

both feature conditioned distributions. Sec. [M] de-
scribes the details of our inference algorithm.

Fig. [7] shows a selected set of generated samples from
two products of feature-conditioned distributions. The
two products share one common set of features coming
from the image of the airplane (bottom row). The
Gaussian source samples vary within the generated
samples from each product, but are the same between
the two. We observe that the generated samples share
high-frequency features (such as the skin pattern of the
frog) between the two distributions. However, the low-
frequency features vary in the generated samples (color
and background changes from blue to a mixture of blue
and yellow) between the two products. This indicates
that the feature extractor helps the Latent-CFM to
condition the generation on the low-frequency features
from the training data, while the CFM model varies
the high-frequency features to generate diverse samples.
We provide an expanded set of 100 generated samples
from the two product distributions in Fig. [A4]

5 Conclusion

Flow matching models generalize the transport paths
of diffusion models, thus unifying flow-based generative
models. However, existing flow matching and diffusion
studies often do not consider the structure of the data
explicitly when constructing the flow from source to tar-
get distribution. In this study, we present Latent-CFM,
a framework that incorporates the underlying clustering
structure of the data as latent variables in conditional
flow matching. We present training/inference algo-
rithms to adapt popular deep latent variable models
into the CFM framework. Using experiments on syn-
thetic and benchmark image datasets, we show that
our approach improves (or shows similar) generation
quality (FID ~ 3.5 on CIFAR10) compared to state-
of-the-art CFM models, especially with significantly
fewer training steps (with ~ 50% in CIFAR10). In
addition, we demonstrate the utility of Latent-CFM in
generating more physically consistent Darcy flow data
than I-CFM. Finally, through latent space analysis,
we explore the natural connection of our approach to
conditional image generation and compositional gener-
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ation conditioned on image features like background,
color, etc.

One interesting direction for future research could be
to tighten the upper bound in Eq.[II]with a data-driven
learned prior p(f). Based on recent advances in estimat-
ing information-theoretic bounds |Nilsson et al.| (2024]),
one can train a learned prior alongside Latent-CFM to
learn better latent representations with lower loss value.
It would also be interesting to disentangle the latent
features, which can further improve control over the
generation process. In addition, it will be interesting
to explore the application of our approach in scientific
machine learning. An area of application could be in
multifidelity modeling, where using Latent-CFM, one
can inform a CFM model trained on a high-fidelity
(expensive) simulation dataset (example, fluid dynam-
ics simulations) with latents learned from inexpensive
low-fidelity simulated data. Based on our experiment
with the Darcy Flow dataset, it could be a promis-
ing approach to improve generation performance by
satisfying underlying physics constraints.
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Appendix

A Theoretical analysis

In the following proposition, we adopt a slightly different formalism where we denote between the random
variables with capital letters (Xo, X1, F', etc.) and the values they take (xg, 1, f). For a random variable Y,
L(Y) denotes its law.

Proposition A.1. Let (Xo, X1) be drawn under some probability measure P on a measurable space (Q, F), which
also carries the latent random variable F in R . Assume that X1 — X, is integrable and define the process { Xy}
by

Xe =1Xo+ (1 —-t) Xy, (12)
and let {u}; = {L(X; | F = f)} be its (F-conditional) marginal probability path, under P. Given an optimally
learned F'-conditional vector field v* = v;:f(x), minimizing the loss function in , and its F-conditional flow
" T, we have that its marginal probability path is equal to that of the ground truth process in P-a.s. in f,
ie. {L(V T (Xo)h = {ulYe (FuP-a.s. in f). In particular, £(¢* 7 (X0)) = L(X1 | F = f) (FuP-a.s. in f)

v* L

and ‘151 ’F(Xo) = X;.

Proof. We follow the proof ideas in [Liu et al.| (2022)) and |Guo and Schwing] (2025). We want to see that (u, v*)
satisfies the continuity equation

il +V - (ufvf ) =0. (13)

The meaning of is only formal, as ,u{ may not even have a density. The definition of is that for any
test function h : R* — R, i.e. h is smooth and compactly supported in R,

a *
G [ naul = [ (@bt aud (14)
R4 R4

holds (in the sense of distributions on (0, 1)) (Ambrosio et al., [2008, p. 169-170). Under some regularity conditions
on v* (Ambrosio et al.; 2008, Proposition 8.1.8), we know that the theorem follows if we can show .

Here, in fact, the derivative on the left hand side of exists in the classical sense, and the differentiation
can be moved under the integral sign. This is seen by noting that with g(¢,w) = h(tXo(w) + (1 — t) X1 (w)), the
conditions for doing so in % [ g(t,w) Ps(dw) are fulfilled, see e.g. (Durrett, 2019, Ch. A5). Most importantly,
4 g(t,w) = (VR(tXo+ (1 —t)X1), X1 — Xo)pe(w) = (VRh(X;), X¢)ga(w), where h and its derivatives are bounded,
and X, = X; — X, is integrable and thus conditionally integrable for almost all f. We get, taking Ps to be a

regular conditional probability measure for F' = f, known to exist via the disintegration theorem (Kallenberg,
2021, Theorem 3.4),

d ) )
dt Jpa hpf = /Rd (Vh(X4), Xi)ga (w)P(dw) = E* [(VA(Xy), Xi)ga] = . .- (15)

Further, by using the tower property to condition on X,
.. = EP[EP[(VA(X,), Xo)ae | Xil] = B [(VA(X,), EP/[X, | X)) (16)

But for almost all f, we have that E*/[X, | X;] = vy ¢(X¢), since v* is optimal for (T1), whose minimizer (for a
fixed encoder gy,,,,,) v ;(z) is

Elus (x| X0, X1) | Xy =2, F = f]=E[X; — Xo | X; =, F = f] =E¥[X, | X, = z]. (17)
This in and gives
d * *
G | hul =B (ORC0), 0 (X)sa) = [ (Thoof e (18)
dt Rd R4
which finishes the proof of the main statement. The last part of the proposition can be seen from:
P(¢; (Xo) € A) = E[P(¢; "(Xo) € A| F)] =E[P(X; € A| F)] = P(X; € A). (19)
O

12
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B Relation with Variational Rectified Flow

Recent work in variational rectified flow matching (VRFM) Guo and Schwing| (2025) has studied the effect
of a mixture model of the vector field u;(x) induced by a latent variable. In Eqé we observe that the CFM
objective function can be viewed as a log-likelihood of a Gaussian distribution model for u;(x) ~ N (u; vg(x,t),I).
In VRFM, we model the vector field by a mixture model induced by a latent variable z ~ p(z),

plurle,t) = / po(ugla t, 2)p(2)df (20)

In VRFM, given z, the conditional density pg(u¢|z:,t,z) are assumed to be N(us;ve(x,t,2),I). To learn the
latent variable z, the authors use a recognition model g4 (z|xo, z1, x¢,t) or encoder. The parameters of the encoder
and the learned vector field are learned jointly by optimizing a VAE objective,

log p(ug|ze, t) > Eonyg, [log pe(ut|ze, t, 2)]
— Dxr(qy(2]z0, 21, 3¢, t)|[9(2)) (21)

A key observation in the VRFM objective in Eq is that the encoder model g4 depends on (zg, z1, x¢,t) which
dynamically changes with time ¢. However, the generative model ¢(z) is static and equal to N (0, I). To generate
samples from VRFM, we sample f ~ N(0, ) once and solve Eq. 1| using the learned vector field vg(z,t, z) fixing
z.

In Latent-CFM, we propose learning a static encoder model g4 from the data x; and optimize the Eq w.r.t
the encoder and the vector field parameters. This change has the following advantages, (1) We can generate
samples conditioned on the variables learned from the data distribution p;(z), and (2) We can use pre-trained
feature extractors and fine-tune them to optimize the CFM loss.

C Variational AutoEncoders

VAE is a popular deep latent variable model that assumes a latent variable f is governing the data distribution
pi(z1) = [p(f)p(x1|f)df. The posterior distribution p(f|z) is intractable and hence is approximated by a
variational distribution g (f|z) which is then learned by optimizing an ELBO:

Lyar = —=Ep,..er) [ Eor(flan) 108 Py (1] ) + Drr(an(flz1)llp(f))] (22)

where, ¢ (f|z1) and py(z1|f) are parameterized by an encoder and a decoder neural network respectively and
p(f) is assumed to be N(0, ). The variational distribution is commonly assumed to be multivariate Gaussian
with mean p and a diagonal covariance matrix o2I. The encoder network gy (f|r1) outputs the parameters p and
o2. VAEs are successful in generative modeling applications in a variety of domains. However, they often suffer
from low generation quality in high-dimensional problems.

D Darcy Flow Dataset

The Darcy flow equation describes the fluid flowing through porous media. With a given permeability field
K (z) and a source function fs(x), the pressure p(z) and velocity u(z) of the fluid, according to Darcy’s law, are
governed by the following equations

u(z) = —K(x)Vp(x), x€
V-u(x) = fs(x), €
u(z) -n(x) =0, =z €N (23)

where Q denotes the problem domain and n(z) is the outward unit vector normal to the boundary. Following the
problem set up in Jacobsen et al.| (2025, we set the source term as

r, |x;—0.5w|<05w,i=1,2
fs(@)y=<¢—-r, |z;—14+05w|<02w,i=1,2 , (24)
0, otherwise

and sample K (z) from a Gaussian random field, K (x) = exp(G(x)), G(-) ~ N (u, k(-,-)), where the covariance

function is k(x,2') = eXp(_M). .
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Using the finite difference solver, we created a dataset containing 10,000 pairs of [K, p] and trained I-CFM and
Latent-CFM models to generate new pairs. The generated samples are expected to follow (26)). Therefore, we use
the residual of the governing equation to evaluate a sample quality. In particular, for each generated sample, we
compute

R(x) = fo(x) + V- [K(2)Vp(2)]
2
— f() +K(x)8 p(z) | OK(x) Op(x)

0z? dr1  Oxy (25)
0?p(x)  OK(z) Op(x)
+ K@) x3 + Oxy Oxg

The partial derivatives in are approximated using central finite differences.

We generated 500 [K, p|] pairs from trained I-CFM and Latent-CFM models and computed the residual according
to for evaluation. Figure [5| shows sample examples of Darcy flow from the two models, and Table |3| presents
the comparison of the median of sample residuals between the two models.

E Datasets
We describe the details of the datasets used in this study.

E.1 Triangle dataset

The triangular dataset shares the same structural design as in [Pichler et al.| (2022); |[Nilsson et al.| (2024). For
any dimension d > 1, it is constructed as the d-fold product of a multimodal distribution with k& modes (as
illustrated in Fig. 2 of [Pichler et al. (2022) for k& = 10), resulting in a distribution with k% modes. For the
experiments in the main paper, we set k = 4 and d = 2, creating 16 modes over the 2d plane.

E.2 MNIST and CIFAR10

We download and use MNIST [LeCun et al.| (1998)) and CIFARI10 [Krizhevsky et al.| (2009) datasets using the
classes torchvision.datasets.MNIST, and torchvision.datasets.CIFAR10 from the PyTorch library [Paszke
et al.| (2019) respectively. On MNIST, we normalize the data using the mean [0.5,0.5] and the standard deviation
[0.5,0.5]. On CIFAR10, we use random horizontal flipping of the data and normalize using the mean [0.5,0.5,0.5],
and the standard deviation [0.5, 0.5, 0.5].

E.3 Darcy Flow data

The Darcy flow equation describes the fluid flowing through porous media. With a given permeability field
K (z) and a source function fs(x), the pressure p(z) and velocity u(z) of the fluid, according to Darcy’s law, are
governed by the following equations

u(z) = —K(x)Vp(z), xe€f
V-u(z) = fs(z), xeQ
u(z) -n(x) =0, =z €N (26)

where Q denotes the problem domain and n(z) is the outward unit vector normal to the boundary. Following the
problem set up in |Jacobsen et al. (2025)E|, we set the source term as

r, | a; —0.5w < 0.5w,i=1,2
fs()y=<¢—-r, |z;—1+05w|<02w,i=1,2 , (27)
0, otherwise

and sample K (z) from a Gaussian random field, K (x) = exp(G(x)), G(-) ~ N (u, k(-,-)), where the covariance

function is k(z,z') = exp(—w) and G(z) = p+>_i_, VAifi¢i(x), where where \; and ¢;(z) are eigenvalues
and eigenfunctions of the covariance function sorted by decreasing )\;, and 6; ~ N (0,1).

We sample permeability fields and solve for the pressure fields which results in 10,000 [K, p| pairs with r = 10,
w = 0.125, and s = 16 on 64 x 64 grids for model training. During training, we standardize both the permeability
and pressure fields using px = 1.1491, o = 7.8154, and pp, = 0.0, o, = 0.0823.

We use the same data generation code available at https://github.com/christian-jacobsen/CoCoGen/blob/master/
data_generation/darcy_flow/generate_darcy.py 14
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Algorithm A.1 Latent-CFM training

1: Given n sample (z1,...,z}) from p(z), regularizer 3;

2: if no pretrained VAE available then

3:  Train VAE using (z1,...,xl) optimizing Eq.

4:  Save the encoder g5 (.|z1)

5: end if

6: Initialize vg(-,-,-) and last encoder layer parameters Ajqs¢

7: for k steps do

8:  Sample latent variables f; ~ gy, ., (flz}) foralli=1,...,n

9:  Sample (29,..,2%) from N(0,I) and noise levels (t1,...,t,) from Unif(0,1) and compute
(ut, (-|x0, 21), -y us, (|70, 1))

10:  compute ve(xﬁﬂfi, t;) where xf is the corrupted i-th data at noise level ¢;

11:  Compute VLiatent-crv and update 6, Ajqs¢

12: end for

13: return vg(-, -, ), ¢;5(.|x)

Algorithm A.2 Latent-CFM inference

Given sample size K, trained vy(.,.,.) and ¢5(.|z1), number of ODE steps noge
Select K training samples (zi " ... xirain)
Sample latent variables f; ~ g5 (flztrain)y for alli =1,..., K
Sample (29, ...,22) from N(0,1)
h H n. 1d
for t = 0,h,...,1—handi=1,.., K do
z!™" = ODEstep(vy(al, fi, t), z})
end for
return Samples (21, ..., zk)

F Latent-CFM with Gaussian Mixture Models

Gaussian mixture models (GMM) use a mixture of Gaussian kernels to model the data distribution. An M
component GMM is defined as,

M M

(@) =Y wiN(wip,S5), > w; =1 (28)

j=1 j=1

where, A = {p;,X;,w; : j =1,..., M} are the GMM parameters. GMMs are popular in density estimation tasks
and are consistent estimators of the entropy of a probability distribution under certain assumptions (Theorem 1
in Pichler et al.|(2022)). Since the mixture components are Gaussian, one can easily sample from a fitted GMM.
However, estimation of GMMs requires a very large number of training samples for moderately large dimensional
data and is prone to overfitting (Fig.1 in Nilsson et al.| (2024])).

We explore GMM as an alternative to the VAE as a feature extractor in Latent-CFM. We follow [Pichler et al.
(2022)) to train the GMMs using the cross-entropy loss function,

Lovm = —Ep, (2 loggx(z) (29)

Alg. [A73] describes the Latent-CFM training using GMMs. First, we pretrain a GMM by optimizing Eq. 29
Following |Jia et al.| (2024)), during the CFM training, we assign each sample x} a cluster membership id ¢; based
on the mixture component, which shows the maximum likelihood calculated for the data sample. These ids are
passed to the learned vector field vg(.,.,.) as the conditioning variables. The rest of the training is similar to Alg.
1 of the main paper. Alg. does not involve a finetuning of the encoder during the CFM training, therefore,
we drop the KL term in the Latent-CFM loss and optimize Eq. 10 of the main paper.

Alg. [A74] describes the inference steps using the Latent-CFM with GMM. Given a budget of K samples, we draw
the cluster membership ids (¢q, ..., ¢k ) from the distribution Categorical(wy, ..., wg ). This step helps maintain
the relative proportion of the clusters in the generated sample set according to the estimated GMM. The rest of
the inference steps are similar to Alg. 2 from the mainlgaper.
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Algorithm A.3 Latent-CFM w GMM training

1: Given n sample (z1,...,zL) from p;(z);

2: if no pretrained GMM available then

3:  Train GMM using (1, ...,x}) optimizing Eq.

4:  Save the GMM g¢;(.)

5: end if

6: Initialize vg(-,-,-)

7: for k steps do

8 Calculate the cluster memberships ¢; = argmax(N(z};i;,%;)),i=1,...,n
j=1,.,M

9:  Sample (29,..,29) from N(0,I) and noise levels (ti,...,t,) from Unif(0,1) and compute

(uty (|zo, 21), e u,, (|0, 71))

10:  compute ’09(56?761‘, t;) where xf is the corrupted i-th data at noise level t;

11:  Compute VLiatent-crn in Eq. 10 (main paper) and update 6

12: end for

13: return vg(-, -, ), q5(.)

Algorithm A.4 Latent-CFM w GMM inference

Given sample size K, trained vy(.,.,.) and ¢5(.), number of ODE steps n4e
Select K random cluster memberships (¢, ..., cx) from the distribution Categorical (s, ..., Wk)
Sample (29, ...,22) from N(0,1)
4
for t=0,h,..,1—handi=1,..., K do
zt™" = ODEstep(vj(at, ¢, t), at)
end for
return Samples (21, ..., zk)

G Implementation details

We provide implementation details of Latent-CFM and other methods used in the experiments section. The
full codebase is available at https://anonymous.4open.science/r/Latent_CFM-66CF/README.md. We closely
follow the implementation in the Tong et al.| (2024]) repositor

Synthetic data All CFM training on the 2d triangle dataset has the same neural network architecture for the
learned vector field. The architecture is a multi-layered perceptron (MLP) with three hidden layers with SELU
activations. For I-CFM and OT-CFM, the input to the network is (x¢,t), and it outputs the learned vector field
value with the same dimension as x;.

Latent-CFM and VRFM training have an additional VAE encoder that learns the latent representations during
training. For VRFM, we consider the same MLP architecture used for the vector field as the VAE encoder,
with the final layer outputs 2d mean and 2d log-variance vectors. The input to the encoder involves the tuple
(29,1, 2, t) as recommended by |Guo and Schwing| (2025]), which outputs the latent variable z; and is added to
the input tuple (z¢, z¢,t) and passed to the vector field network. The pretrained VAE in Latent-CFM has the same
encoder and a one-hidden-layer MLLP with SELU activation as a decoder. In the CFM training in Latent-CFM,
we fix the pretrained VAE encoder and add a trainable layer, which predicts the mean and the log-variance.
The VAE encoder in Latent-CFM takes the input x; and outputs the latent variable f, which is then added to
the input tuple (x¢, f,t) in the CFM training. For both VRFM and Latent-CFM we fix the KL regularization
parameter 8 = 0.01.

In Latent-CFM with GMM, we consider a diagonal covariance matrix ¥; = sz_[ for each Gaussian component
and set the number of components K = 16. The CFM architecture is the same as above.

MNIST and CIFAR10 All models used the same U-Net architecture from [Tong et al.| (2024) on MNIST and
CIFARI10. The hyperparameters of the learned vector field are changed depending on the dataset. For I-CFM
and OT-CFM, the model takes the input (x¢,t) where both variables are projected onto an embedding space and
concatenated along the channel dimension and passed through the U-Net layers to output the learned vector field.
In Latent-CFM, we use the pretrained VAE model available for MNIS and CIFARldﬂ We take the latent
encodings from the last encoder layer and add a trainable MLP layer to output the mean and log-variance of
2https://github.com/atong01/conditional-flow-matching.git
3https://github.com/csinva/gan-vae-pretrained-pytorch
4https://github.com/Lightning-Universe/lightning-bolts {6


https://anonymous.4open.science/r/Latent_CFM-66CF/README.md

Samaddar, Sun, Nilsson, Madireddy

Hyperparameters MNIST | CIFAR-10 | Darcy Flow
Train set size 60,000 50,000 10,000
# steps 100K 600K 100K
Training batch size 128 128 128
Optimizer Adam Adam Adam
Learning rate 2e-4 2e-4 2e-4
Latent dimension 20 256 256
number of model channels 32 128 128
number of residual blocks 2 2 2
channel multiplier [1,2,2] [1, 2,2, 2] (1,2, 2, 2|
number of attention heads 1 4 4
dropout 0 0.1 0.1

Table A.1: Hyperparameter settings used for the experiments on benchmark datasets.

the latent space. Using the reparameterization trick Kingma and Welling| (2022)), we sample the latent variable
and project it to the embedding space of the CFM model using a single trainable MLP layer. These feature
embeddings are added (see Fig. 2 of the main paper) to the time embeddings and passed to the U-Net. For
encoder joint training with Latent-CFM, we keep the same architecture as in the above codebases.

We have also implemented the VRFM model on the CIFAR10 dataset. Following |(Guo and Schwing| (2025)), we
adopted the downsampling layers of the vector field network to reduce the input to a latent of size (512,1). The
addition of the latents to the vector field network follows the same architecture as described in Fig. [2]

Darcy Flow We follow the same model architecture used for CIFARI10 for the I-CFM training in the Darcy
Flow dataset. On this dataset, for Latent-CFM, we train a VAE encoder following Rombach et al.| (2022)) along
with the CFM training. The VAE encoder has 3 downsampling layers, bringing down the spatial dimension from
[64,64] to [8,8] in the latent space. The channel dimension was successively increased from 2 to 128 using the
sequence [16, 32,64, 128] and then reduced to 8 in the final encoder layer. The final latent encodings are flattened
and added to the vector field, similar to the CIFAR10 training. We fix the KL regularization parameter § = 0.001.

ImageNet We follow the same SiT model architecture from |Ma et al.| (2024)) for our experiments in ImageNet.
SiT is a latent flow matching model. For the Latent-CFM, we pretrained a VAE following [Rombach et al.
(2022) as described above on the latents of the training data for 200K steps. For reproducibility, we fixed all
hyperparameters of the CFM training the same as [Ma et al.| (2024)).

Additional hyperparameter details are presented in Table In addition, following Tong et al.| (2024), we set
the variance of the simulated Gaussian probability path o; = 0.01 for MNIST and 0 for CIFAR10 and Darcy
Flow dataset.

H Metrics

H.1 Wasserstein metric

Given two batches of samples (x,y), the Wasserstein distance was calculated using the SamplesLoss function
with the sinkhorn algorithm from the geomlosﬂ Python library.
H.2 Residual metric on Darcy Flow data

After rescaling to the original space, we compute the spatially averaged squared residuals of the governing
equation across the domain to evaluate the sample quality in the 2D Darcy flow experiment. In particular, for
each generated sample, we compute

R(z) = 13 1/+(x) + V- [K () Vp(@)]|3
1 Pp(z) | OK(z) Ip(x) Pp(z) | OK(x) Ip(x) (30)
o m”fs(x)—i—K(x) oz Oxr1 Oz +K(2) z3 Ors Oy Hg’

where N is the number of discretization locations in each spatial dimension, z; and x5 represent the spatial
coordinates of the domain, and the partial derivatives in (30) are approximated using central finite differences.

I Selection of

Shttps://www.kernel-operations.io/geomloss/
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e Prior sample z(S)
Flow

. zlo)

(a) Latent-CFM (b) VRFM

Figure A.1: Plot shows the generated trajectories from the source to target distribution for (a) Latent-CFM,
and (b) VRFM model. By changing the input to the encoder, Latent-CFM generates samples with an improved
multimodal structure similar to the data than the VRFM.

An important hyperparameter of Latent-CFM
training is the KL regularization parameter 3. It con-
trols the information compression of the latent space
[Alemi et al. (2019). In Latent-CFM, too high S re-
sults in the posterior collapsing to the prior (KL term
= 0), and too low a value results in the model only
learning to reconstruct the training data. In Fig.[A2]
we plot the KL term evaluated on the MNIST test
dataset vs three 8 values [0.001, 0.005,0.010]. We ob-
serve an optimal region around 0.005. On CIFARI10
and Darcy Flow, we observe a good tradeoff between
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the generation and reconstruction for f = 0.001.

We leave a formal strategy for selecting good S for 5

Latent-CFM as an interesting future research direc-

tion. 0

J Comparison With VRFM 0.(;02 O.dO4 Bet(;.dOG 0.(308 0.610

Latent-CFM loss function is similar to the recently . L
proposed variational rectified flow matching (VRFM) Figure A.2: Plot of the regularization parameter 5 and

(Guo and Schwing| (2025). We like to highlight a subtle the KL divergence on test set shows an optimal 3 around
but key difference between the two methods. VRFM ~ 9€¢ — 3 on MNIST.

training requires the encoder model to learn the latent

z¢ from a time-varying input tuple (zg, z1, ;). This

is required since the modeling assumption in VRFM is that the vector field u; is a mixture model for all t.
Latent-CFM simplifies the model training by modeling the data x; as a mixture model Eq.7 in the main paper.
The encoder only requires the data x1 as input to extract the latent features.

Fig. shows the generated trajectories from the source to target distribution for (a) Latent-CFM, and (b)
VRFM model trained on the 2d triangle dataset. For ease of comparison, we train the VAE encoder in Latent-CFM
along with the CFM training, similar to VRFM. The only difference between the two models lies in the input
to the encoder, which for VRFM is (xg, x1, x¢,t), and for Latent-CFM is z1. We observe that this change helps
Latent-CFM to learn the multimodal structure of the data better than the VRFM. This is perhaps due to the
violation of the VRM modeling assumption that the vector field random variable w; is multimodal for all ¢, which
is approximately true when ¢t is close to 1. 18
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Method CIFARI10 FID (])
VRFM-1|Guo and Schwing] (2025) 3.561
VRFM-2 |Guo and Schwing (2025) 3.478

VRFM (xq, 21,7, L) 16.276
VRFM (z1, ) 6.480
Latent-CFM (pretrained) 3.514

Table A.2: Comparison between VRFM and Latent-CFM in terms of FID on CIFAR10. We were unable to
reproduce the FID numbers from (Guo and Schwing| (2025) presented in the top two rows. Latent-CFM shows
a similar FID to the best VRFM model from |Guo and Schwing| (2025)). Additionally, we observe performance
improvements as we simplify the input to VRFM in our implementation.

Methods | # Params. | Sinkhorn (1) | Energy (1) | Gaussian (1) | Laplacian (1)
ICFM 35.8M 675.613 12.690 0.0020 0.0018
Latent-CFM 36.1M 680.500 12.698 0.0020 0.0018

Table A.3: Table shows the generalization for ICFM and Latent-CFM in terms of different distances (average
over 30 batches) from the train dataset on CIFAR10. In terms of most metrics, the two approaches show similar
distance from the train dataset.

K Generalization of Latent-CFM

Latent-CFM sampling uses latent features f learned from training data samples q(.|2*"%"). This is uncommon
for flow-based modeling and most other deep generative model frameworks, since the model has an additional, non-
parametric component that models random features of the data. Note that there are many non-parametric models
that directly use the training set during sampling, e.g. kernel density estimation and Gaussian processes Bishop and
Nasrabadi| (2006]), while neural networks are sometimes seen as non-parametric, due to their overparametrization
and their memorization capabilities, manifested by compressing/memorizing the training data into their weights
Zhang et al| (2016); |Arora et al| (2018). In practice, deep generative models may also memorize features (or even
entire samples in the overfitting regime) (Gu et al.| (2023)); [Somepalli et al.| (2023). To assess that our model does
not cheat, i.e. copy too much information from the training sample, we perform additional comparisons between
generated samples, their conditioning training sample, and the train/test sets at large.

To investigate the generalization of the generated samples beyond the training data, Fig. compares the 10
nearest neighbors of 10 Latent-CFM generated samples from the train and test data, and the training images
used to generate the samples on CIFAR10. In most cases, we observe that the generated samples, although they
share features with, significantly differ from nearest neighbors in the train and test data. This demonstrates that
the generated samples don’t reconstruct the training data. In addition, for most samples, the training data point
used for feature extraction does not appear (except for the red box) within the 10 nearest neighbor samples in
the train dataset, demonstrating generalization beyond the training set.

To quantify generalization beyond training data, Table shows the distance metrics (averaged over 30 batches
of size 500) between generated samples using ICFM and Latent-CFM and the training dataset on CIFAR10. We
have used the geomloss Python package to calculate the distances. In terms of most distances, both ICFM and
Latent-CFM show similar generalization. Additionally, Table shows FID for ICFM and Latent-CFM for three
training checkpoints calculated on the CIFAR10 test dataset. We observed that our approach shows better FID
than ICFM across all checkpoints.

L Latent space traversal on MINIST

Fig. shows the latent space traversal for the pretrained VAE model and the Latent-CFM model, which
augments the feature learned by the VAE encoder according to Alg. We obtain the latent variables from data
samples and generate new samples by perturbing the odd coordinates (1,3, ...,19) of the 20-dimensional latent
space within the range [ — 5o, u + 50, where (u, o) represent the encoded mean and variance. For each row, the
new samples correspond to perturbing only one coordinate of the data sample latent. For all generated images
with Latent-CFM, we fix the samples xg from the source distribution. We observe that Latent-CFM generates
images with significantly more variability and better quality than the baseline VAE model. Latent-CFM has
generated the same digit (the digit 3) but with different styles. In addition, we observe that perturbing certain
latent coordinates (for example, coordinate 9,19) generates different digits with similar structure.

M Composition of feature-conditioned distributions

This section describes the algorithm and derivations for our sampling algorithm from the product of two
feature-conditioned Latent-CFM models. The key ingr(i(gient involves the relation between the vector field wu(.)
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Train  LCFM Nearest Neighbors in train data Nearest Neighbors in test data
sample sample

Figure A.3: Plot shows 10 nearest neighbors of Latent-CFM samples on the train and test dataset with the
training images used for feature extraction (on left). Latent-CFM generated samples generalize well, although
they share features with the nearest neighbors in the train data. For one sample, one of the nearest neighbors
(marked red) matches the training samples used for feature extraction.
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(a) fi ~q(Jz'meF), fr ~ q(Jairrtane) (b) fr ~a(lz®r), fi ~ q(Jaeirrtene)

Figure A.4: Expanded set of 100 samples from the two product distributions.
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Dimension Latent - CFM VAE Sample
1 LL)r21r221232333g2 333333333
3 23333333333 3222222:2:2.:2
5 3333333333 Pg2233333333
7 33333333333 3332222222
9 g 8833322223 3332222222
11 3333333333 g222222232133
7 337323 L L Lpg3333222222
G 2 333333333 g2222222333
A 2 333333333 g2 222222222
(CAEN 2 2 ) )3 3333352 222223333

[4 — 50,u+ 50] [t — 50,u+ 50]

Figure A.5: Traversal of the latent space f shows that Latent-CFM generates a diverse set of samples than the
pretrained VAE. All generated images for Latent-CFM share the same source samples o ~ N (0, ). The latent
space traversal shows we can generate different digits with similar latent structures.

CIFAR10 testset FID (])
Methods 300K | 400K | 600K
ICFM 5.769 | 5.742 5.652
Latent-CFM (pretrained) | 5.710 | 5.563 5.631

Table A.4: Latent-CFM compared to I-CFM in terms of testset FID on CIFAR10 for three training checkpoints.
Our method exhibits improved FID over ICFM for all checkpoints.

and the score Vlog p:(.) where p;(.) is the probability path at time ¢. The following Lemma from |Zheng et al.
(2023) describes this relation for the Gaussian probability paths.

Lemma M.1. Let p;(z|r1) = N(z|oyz1,021) be a Gaussian Path defined by a scheduler (ay,04), then its
generating vector field uy(x|xy1) is related to the score function V logp:(x|z1) by,

ug(z|z1) = agx + b,V log pi(x|r) (31)
where, .
« . .\ O
ay = ;Z,bt = (agoy — OétC’t)OTi (32)

In this paper, we used linear interpolation paths in Latent-CFM z; = tx1 + (1 — t)xg, where o ~ N(0,1). Tt is
easy to show that, a; = %, by = % Therefore, we can use Eq. |31[to convert the learned vector field v(.;.,t) to
score estimator s(.;.,1).

We aim to draw samples from the product probability path p; = Hi=1,2 pi(z|f;) where f; ~ ¢(.|z;) and
(z1,22) are two images. Using Lemma we can derive the vector field underlying the product, u}(z) =
—asx + ug (x| f1) + ue(z] f2). During the reverse ODE sampling, we replace the true vector fields with their learned
networks,

o' (3., t) = —apx +vy(x; f1,t) +vz(x; fa, t) (33)
With these derivations, we perform the predictor-corrector sampling using Langevin dynamics from [Song et al.
(2020) to sample from the product distribution. Algorithm describes the steps of the sampling process.

As stated in Section[4.4] assuming conditionally independent latent variables fi and fo given x, we can construct

a new distribution. Repeatedly using Bayes theorem, we can obtain

plelfip(zlfo) p(fp(fe)  pllfi)p(zlf2)
p(x) 91 P(f1, f2) p(x)

p(x|f1, f2) =
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Algorithm A.5 Sampling from product of feature-conditioned models

1: trained vy(., f;,.) where f; ~ ¢;(.|2;), number of ODE steps n,4e, number of Langevin steps ny, drift and

diffusion schedulers (e, diffusiony, 0,1]

2: Sample zg ~ N(0,1)
3:h<—%
4: for t =0, h,...,1—h do
5. @1 = ODEstep(v!(zy;.,t), 2¢) > Predictor step
6: forj=1,...,nydo
7 z~ N(0,I)
8: o drift X dif fusion
: Typh = Teph + €y 55(Teqn; - t) + 2¢, 5 z > Corrector step
9: end for
10: end for
11: return z;
[4z — 502,147 + 503]
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Figure A.6: Plot shows the generated pressure and permeability fields and the residual measuring physical
accuracy of generation from varying the two latent dimensions within [p — 50, 4+ 50]. We observe that traversing
the latent space produces a variety of samples for both fields. In addition, the variation in the latent space seems
to maintain the physical consistency of the samples in terms of the residual. All images share the same source
samples xg.

Such construction requires a marginal data distribution p(x) where p(z|f1, f2) is a proper conditional. This means
such p(z) allows f; and f5 to exist simultaneously for some z = z’. However, without a clear semantic meaning
or disentanglement of the latent space, p(z|f1, f2) is not well-defined. This might explain the unresolved center
objects in the samples from the composed distribution.

To perform an effective composition in this case, Bradley et al.| (2025) shows that p(z|f1) and p(z|f2) need to
be independent. Therefore, it asks the latent variables to represent orthogonal concepts in z, which prompts
the future direction of learning a latent space encapsulating mutually independent features of the input data for
better compositional generation.

N Additional results on Darcy Flow data

In Fig. [AZ06] we plot generated fields and the residual metric by varying the two dimensions of the latent
variable within the range [u; — 50, ; + 504],% = 1,2, where i denotes the dimension, and (u;,0;) denotes the
mean and standard deviation respectively. We fix the same sample xg ~ N(0,I) from the source distribution for
all generations. We observe that traversing the latent space manifold has produced a variety of generated fields
for both variables. In addition, Latent-CFM with varying latent variables seems to have generated physically
consistent samples in terms of the residual. For the 2d grid of latent variables in Fig. the mean and median
residual MSE were 3.614 and 3.467, respectively. This demonstrates that traversing the latent space helps to
generate physically accurate samples that share semantQiQC similarities.
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O Latent-CFM joint training results on ImageNet-256

In this section, we compare the two training strategies of Latent-CFM, (1) with a pretrained VAE encoder
with the final layer parameters A\ updated with the CFM training, and (2) an encoder jointly trained with
the learned vector field on the ImageNet-256 dataset. For both models, we use the same architectures for VAE
Rombach et al.[ (2022), and the vector field network [Tong et al.| (2024)). Other hyperparameters, such as per-GPU
batch size and learning rate, follow from Ma et al.| (2024) and are kept the same for both models.

Latent-CFM with a pretrained encoder significantly improves (~ 2.4 steps/second) the training speed from the
jointly trained model (~ 1.3 steps/second). Table shows the FID over training steps for both models. We
observe that Latent-CFM with a pretrained encoder outperforms the jointly trained model across all training
steps.

Steps | Latent-CFM (pretrained) FID (]) | Latent-CFM (joint) FID ()
200K 11.781 44.259
400K 7.324 27.186
600K 6.450 20.608

Table A.5: Comparison between Latent-CFM with a pretrained and jointly trained encoder in terms of FID
on ImageNet-256. Latent-CFM with a pretrained encoder performed significantly better than the jointly trained
model across all training steps.

P Computational cost

For our experiments, we used between 1, 4, and 8 NVIDIA A100 GPUs to train all models. On MNIST,
CIFARI10, and Darcy Flow datasets, it took approximately 3, 16, and 3.5 hours to complete 100K, 600K, and
100K steps of the Latent-CFM training, respectively. On ImageNet-256, it took 4.5 days to train Latent-CFM
with a pretrained encoder model for 800K steps. On Darcy Flow and ImageNet data, we pretrained a VAE
model, which took approximately 1.7 and 5.5 hours to complete 100K and 200K training steps, respectively.

Q Ablation Studies

In this section, we present ablation studies for Latent-CFM on CIFAR10 data with respect to (1) encoder
architecture, (2) latent space dimension, and (3) finetuning strategy.

VAE Architectures We ran an ablation study comparing the generation quality of Latent-CFM with two
pretrained VAE architectures on the CIFAR10 dataset. In the paper, we showed results for Latent-CFM with a
frozen ~ 20M parameter resnet1l8 VAE modeﬂ In addition, we pretrained a ~ 26M CNN VAE model following
the Stable-Diffusion repository Rombach et al.| (2022)) for 100K steps. We fixed all other Latent-CFM parameters
except the frozen VAE encoder. Table shows the FID from both models for three training checkpoints on
CIFAR10. We observe that both models perform similarly across the training checkpoints, with LCFM-CNN
achieving slightly better FID after 600K steps.

Training steps FID LCFM-resnet18 (}) FID LCFM-CNN ({)

300K 3.566 3.572
400K 3.457 3.481
600K 3.514 3.506

Table A.6: FID comparison across training steps

Latent dimension FID ({)

16 3.916
32 3.747
64 3.514
128 3.584
256 3.517
512 3.556

Table A.7: FID across latent dimensions

Shttps://github.com/Lightning-Universe/lightning-bolts é
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Latent dimension We ran an ablation study for Latent-CFM w.r.t the latent dimension on the CIFAR10
dataset. Table [A77] shows FIDs from varying the dimension of the trainable stochastic layer in Latent-CFM within
the range 16-512. We observe that FID increases for small latent spaces (< 32). The larger latent spaces tend to
have similar FIDs (~ 3.5).

VAE finetuning with an adapter In the paper, to train Latent-CFM model with a pretrained VAE encoder,
we freeze the encoder parameters and add a trainable MLP head to map to the mean and variance of the latent
space. However, we can choose a different strategy where we add a low-rank adapter (LoRA) [Hu et al| (2021) to
the final layer of the VAE encoder and train only the adapter parameters. Table [A.8 shows the FID resulting
from Latent-CFM training with the two finetuning strategies on CIFAR10. Both strategies introduce very few
(< 1%) parameters to the model. We observe that the trainable MLP head for the frozen VAE encoder produces
lower FID across training steps on CIFAR10.

Training steps FID LCFM w MLP finetuning () FID LCFM w LoRA (])

300K 3.566 3.713
400K 3.457 3.727
600K 3.514 3.743

Table A.8: FID comparison with MLP finetuning and LoRA
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