
Posterior Augmented Flow Matching

George Stoica1,2, Sayak Paul3♢, Matthew Wallingford4♢

Vivek Ramanujan2, Abhay Nori2, Winson Han4

Ali Farhadi2, Ranjay Krishna2, and Judy Hoffman1,5

1 Georgia Institute of Technology, USA
2 University of Washington, USA

3 Hugging Face, India
4 Ai2, USA

5 UC Irvine, USA
gstoica3@gatech.edu ♢Equal Contribution

Abstract. Flow matching (FM) trains a time-dependent vector field that
transports samples from a simple prior to a complex data distribution.
However, for high-dimensional images, each training sample supervises
only a single trajectory and intermediate point, yielding an extremely
sparse and high-variance training signal. This under-constrained super-
vision can cause flow collapse, where the learned dynamics memorize
specific source–target pairings, mapping diverse inputs to overly similar
outputs, failing to generalize. We introduce Posterior Augmented Flow
Matching (PAFM), a theoretically grounded generalization of FM that re-
places single-target supervision with an expectation over an approximate
posterior of valid target completions for a given intermediate state and
condition. PAFM factorizes this intractable posterior into (i) the likeli-
hood of the intermediate under a hypothesized endpoint and (ii) the prior
probability of that endpoint under the condition, and uses an importance
sampling scheme to construct a mixture over multiple candidate targets.
We prove that PAFM yields an unbiased estimator of the original FM
objective while substantially reducing gradient variance during training by
aggregating information from many plausible continuation trajectories per
intermediate. Finally, we show that PAFM improves over FM by up to 3.4
FID50K across different model scales (SiT-B/2 and SiT-XL/2), different
architectures (SiT and MMDiT), and in both class and text conditioned
benchmarks (ImageNet and CC12M), with a negligible increase in the
compute overhead. Code: https://github.com/gstoica27/PAFM.git.

Keywords: Flow Matching · Image Generation · Computer Vision

1 Introduction

Flow matching (FM) [15,17,25,29] trains a vector field that transports probability
mass from a simple source distribution (e.g., Gaussian noise) to a complex target

https://github.com/gstoica27/PAFM.git
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Sparse Flows

Supervise over
all plausible 
trajectories

Fig. 1: Left: Standard FM provides a sparse, one-to-one supervision signal, pairing each
intermediate point with a single target and yielding a single plausible flow. Right: Our
PAFM aggregates supervision over the full posterior of compatible targets, producing a
denser, more coherent set of plausible flows from each intermediate.

distribution (e.g., natural images), often conditioned on auxiliary inputs that
specify how to flow to generate samples matching the given condition (e.g., “a
photo of a dog”) [7,17]. Concretely, training a FM model proceeds as follows [15]:
sample a data example and its condition from the target distribution, sample
a point from the source distribution, and define a continuous interpolation
(trajectory) between them. A random intermediate point along this trajectory
is then sampled, and the model is asked to predict the velocity that moves this
intermediate toward the target, conditioned on both the intermediate’s location
and the condition. Over many such samples, the model learns to approximate a
global flow field that, in expectation, carries any source sample to a valid target
consistent with the condition.

Under idealized assumptions—unlimited data, infinite model capacity, and
perfect optimization—minimizing the FM loss recovers the true underlying vector
field, and thus the data distribution, exactly [8, 15]. In practice, however, models
are trained on complex, high-dimensional data for a finite number of steps and
with bounded capacity. They observe only a vanishingly small subset of all
possible trajectories, resulting in sparse supervision of the flow field [13].

This sparsity is inherent in the FM loss: each training sample provides feedback
on a single trajectory (the one connecting the chosen source and target) at a
given intermediate point [15]. In high-dimensional spaces, a single intermediate
can lie on many plausible trajectories leading to different valid targets under
the same condition—for instance, there are countless distinct images consistent
with the prompt “a photo of a dog” [1]. Yet the model only ever sees one such
outcome. Because the probability of revisiting the exact same intermediate state
is effectively zero, the gradient at that state is estimated from a single noisy
supervision signal. This under-constrained, high-variance training signal can lead
to flow collapse [21], where the learned vector field fails to generalize and instead
maps diverse inputs to overly similar or muddled outputs, indicating memorization
of training pairings rather than learning the true continuous mapping.

We propose Posterior Augmented Flow Matching (PAFM), a theo-
retically grounded generalization of the standard FM objective. The key insight
is that for any intermediate state and condition, there is not a single “correct”



Posterior Augmented Flow Matching 3

target data point, but rather an entire posterior distribution over valid targets in
the data distribution. In other words, there are many plausible ways to complete
the flow from the intermediate to a final sample that meets the condition. All
such trajectories represent valid training signals for the model. However, these
possible flows are not equally likely: some target completions have higher pos-
terior probability than others. Therefore, PAFM trains the model to predict
the expected velocity over all these possible continuation trajectories, weighted
by their posterior likelihood. In effect, the model learns to follow the average
direction toward the full set of outcomes consistent with the condition, instead
of being pushed toward only one arbitrarily sampled endpoint.

While we cannot directly sample uniformly from the intractable true posterior
over continuations, we show that it can be factorized into two simpler distributions
that we can approximate: (1) the conditional probability of a given intermediate
state if a particular target were the endpoint, and (2) the probability of the
conditioning variable given that target. We show that under certain formulations,
a sampling algorithm which draws a set of candidate targets for each intermediate
and weighs them according to these probabilities forms an approximate posterior
mixture. Moreover, by aggregating gradients from multiple possible flows (each
weighted by its posterior likelihood) for each intermediate point, PAFM lower-
bounds the variance of the flow matching training gradient.

In addition to our theoretical contributions, we demonstrate the applicability
of PAFM in real-world settings and model-architectures. We conduct experi-
ments on the popular class-conditioned ImageNet-1K dataset [5] across different
model scales (SiT-B/2 and SiT-XL/2 [17]), and on the large-scale text-to-image
CC12M [4] dataset with the MMDiT [7] model architecture. We investigate several
practical strategies for constructing the candidate target set, including FAISS [6]
k-nearest-neighbor retrieval in the latent space, augmentation of the source image
via random crops at varying scales, and resampling from the VAE [22] moment
distribution. PAFM improves flow matching across all settings and selection
strategies while incurring only marginal computational overhead, highlighting its
seamless integration into modern generation workflows.

2 Related Work

Continuous-time generative modeling and flow matching. Continuous-
time generative models view sampling as integrating an ODE or SDE between a
simple source distribution and a complex target distribution, covering stochastic
interpolants, diffusion models, and flow-based methods [3, 11, 24]. Flow matching
(FM) and conditional flow matching (CFM) train a vector field by matching it to
the ground-truth probability current along prescribed interpolants between source
and data samples [15, 26]. Subsequent work has scaled FM and CFM to large
image and video models by carefully designing architectures and interpolants,
including interpolant transformers such as SiT [17] and large-scale rectified-flow-
style models [7, 16]. These methods all share the same supervision pattern: each
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intermediate point along an interpolant is paired with a single target sample,
yielding a one-to-one training signal.

Rectified flows and trajectory shaping. Rectified flows encourage straight
trajectories between source and target, enabling near one-step generation and
linking flow-based methods to optimal transport formulations [3, 16]. At scale,
rectified-flow transformers match or surpass diffusion models on high-resolution
text-to-image benchmarks via improved time sampling and architecture design [7],
while complementary work studies how controlling trajectory curvature can reduce
solver error and accelerate sampling [14]. Our formulation is compatible with
these ideas: PAFM leaves the interpolant and geometric regularization unchanged
and instead modifies how supervision is aggregated over targets.

Theoretical analyses and improved flow matching objectives. The FM
objective enjoys strong asymptotic guarantees: under mild assumptions on vector-
field parameterization and sample complexity, FM attains near minimax-optimal
convergence rates in Wasserstein distance, comparable to diffusion models [8].
Follow-up work tightens the link between learned and ideal probability paths,
motivating divergence-matching augmentations to CFM [13] and relating rectified
flows to optimal transport via straightening and gradient constraints [9]. These
analyses refine global objectives and path properties but still assume the standard
one-target-per-intermediate coupling.

Failure modes and sparse supervision in flow-based models. In realistic
regimes, models are finite-capacity, trained for finite steps, and only observe a
sparse subset of source–target trajectories [23]. Recent empirical and theoretical
work has exposed failure modes of flow-based models under these conditions,
including degeneracies induced by straight-path objectives and deterministic
couplings [21]. Gradient-variance analyses further show that rectified-flow-style
objectives can memorize arbitrary pairings in low-stochasticity regimes, even when
interpolant lines intersect, leading to ill-defined vector fields at inference [21]. Our
work is complementary: starting from the same observation that supervision is
sparse and under-constrained, we replace one-to-one supervision with a posterior
expectation over all compatible targets for each intermediate latent.

3 Background: Flow Matching

We provide a formal overview of conditional flow matching and the flow matching
(FM) objective as it pertains to our work.

Assumptions. Let N (0; Id) = psource be a source distribution characterized by
the standard Gaussian. Similarly, let pdata be the target data distribution with
unknown support. Samples drawn from psource are denoted by �i, while those
from pdata are denoted by (zi; yi) pairs, where zi is a data point and yi is its
associated condition. For our purposes, zi represents an image and yi a text
conditioning. We may equivalently sample zi � pdata(�jyi) or yi � pdata(�jzi).
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Flow matching describes the �ow betweenpsource and pdata over normalized
and reversed time. LetUnif [0; 1) describe the distribution over this time, and
denote its samples byt. Training FM models involves sampling from the source
and target distribution (e.g., � i and (zi ; yi )), de�ning a trajectory between their
respective samples and then further sampling an intermediate point which lies
along their �ow.

Let � (t); � (t) be two time-dependent monotonic functions that de�ne the
path between � i and zi , such that � (0) = � (1) = 0 and � (1) = � (0) = 1. For
notational simplicity, we refer to point-evaluations at t by � t and � t respectively.
Using � t and � t , we sample the intermediate point aszi

t = � t � i + � t zi . These
samples are assumed to lie on a conditional probability path, given byzi

t �
pt (�jz i ) = N (� t zi ; � 2

t I d). Observe that p0(�jz i ) = psource and p1(�jz i ) = � z i where
� z i is the �Dirac delta� distribution. We characterize the �ow between � i and
zi by the time-derivative of � t and � t respectively: v(zi

t jz
i ) = _� t � i + _� t zi . We

describe the vector-space over which� i ; zi ; zi
t are supported, as the �latent-space.�

The �ow matching objective. While �; � can take arbitrary forms, � (t) = t
and � (t) = 1 � t (with _� (t) = 1 ; _� (t) = � 1) is the most popular and widely used
formulation [17,29]. Thus, we de�ne zi

t = t� i + (1 � t )zi and v(zi
t jz

i ) = � i � z i

respectively. FM involves training a model to produce �ows from arbitrary zi
t to

real targets (e.g.,zi ) based on a condition (e.g.,yi ). Let f � (zi
t jt; y i ) describe this

model and let � be its parameterization. The �ow matching objective is �nally
given by,

L (F M) (�) = E t�Unif [0;1);(z i ;y i )�p data (�);z i
t �p t (�jz i ) jjf � (z i

t jt; y i ) � v(z i
t jz

i )jj 2 (1)

Thus, FM models learn the expected �ows that pass through each intermediate
sample towards the entire target distribution, conditioned on eachyi . In practice,
the formal objective in Eq. (1) is transformed to,

min L (F M) (�) = min
1
N

X

(z i ;y i )�D

jjf � (z i
t jt; y i ) � v(z i

t jz
i )jj 2

2 (2)

when training �ow models, where D is the target dataset.

Sparse supervision. While Eq. (2) is an unbiased estimator for Eq. (1) and
its global minima is the global optimum under �ow matching, we immediately
observe its inherent risk of sparse supervision. For any given intermediate latent
point zi

t and given condition yi , a model is supervised with only a single target
trajectory v(zi

t jz
i ). However, in the high-dimensional and complex settings of

contemporary generation tasks,zi
t could validly lie on a multitude of trajectories

�owing to di�erent targets { zj g that all satisfy the same condition yi . By only
providing one such target, Eq. (2) gives a high-variance and under-constrained
signal over each latent. As a result, models often rely on sparse coverage of the
true conditional vector �elds within the latent space, leading to collapsed �ows
when transporting from source to target data [2].
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4 Posterior Augmented Flow Matching (PAFM)

The focus of this section is two-fold. First, we show how the problem of sparse
supervision can be addressed by reformulating the �ow matching objective to
enable simultaneous multiple trajectory supervision for training �ow models. We
coin this new objective Posterior Augmented Flow Matching (PAFM), and prove
that it improves gradient stability over �ow matching under the same theoretical
assumptions. Second, we show how PAFM can be seamlessly adapted for training
recti�ed �ow models.

4.1 Theoretical Results

Reformulating the �ow matching objective. We begin by observing that
it is theoretically feasible for multiple samples drawn from psource and pdata

to contain paths which �ow through the same zi
t . Moreover, the likelihood of

sampling these trajectories is given by a posterior-distribution over the same
distributions supporting the �ow matching objective. Coupling these observations
together, we introduce Posterior Augmented Flow Matching (PAFM) as,

L (P AF M) (�) = E t�Unif [0;1);y i �p data (y);
z i

t �p t (�);z j �p t (�jz i
t ;y i )

jjf � (z i
t jt; y i ) � v(z i

t jz
j )jj 2 (3)

where pdata (y) de�nes the probability distribution over the conditions, pt (�) is a
(unknown) probability distribution over the latent-space conditioned on t, and
pt (�jz i

t ; yi ) is the posterior distribution of the target data given a �xed latent-point
zi

t and condition yi .

Importantly, Eq. (3) is mathematically equivalent to the �ow matching objec-
tive introduced by Eq. (1). We demonstrate this in Theorem 1.

Theorem 1 The Posterior Augmented Flow Matching objectiveL (P AF M)

is an unbiased estimator of the standard Flow Matching objectiveL (F M) . In
expectation, the two objectives are identical.

L (P AF M) (�) = L (F M) (�) (4)

Proof. It su�ces to show that the joint probability distributions over which the
expectations are taken over are identical. FM ( Eq. (1)) takes its expectation
over the joint probability distribution given by p(t) � pdata (z; y) � pt (zt jz). The
PAFM ( Eq. (3)) takes its expectation over the joint distribution given by
p(t) � pt (zt ) � pt (z; yjzt ). Note that by the �ow matching assumptions introduced
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in Sec. 3, z ? yjzt . Starting from the distributions for FM,

p(z; y)pt (zt jz) =
p(z; y)p(zt ; z; t)

p(z; t)
=

p(yjz)p(zt ; tjz)p(z) 2

p(z)p(t)
(5)

=
p(yjz)p(zt ; tjz)p(z)

p(t)
=

p(y; zt ; t; z)
p(t)

(6)

=
p(zjzt ; y; t)p(z t ; y; t)

p(t)
= p t (zjzt ; y)pt (zt )p(y) (7)

As the two distributions are identical, so is their expectation over the same loss
function jjf � (zt jt; y) � v(z t jz)jj 2. �

PAFM theoretically reduces gradient variance. Notably, and in contrast
to �ow matching, Eq. (3) enables us to optimize f � by sampling multiple target
points fz j g for every zi

t , yielding a denser supervision signal during training.
We now demonstrate that this fact alone provides gradient estimates for the
underlying optimal f � that lower-bound the variance of the gradient estimates
from the FM objective.

Theorem 2 Let � (zj jz i
t ; yi ) = jjf � (zi

t jy
i ; t) � v (zi

t jz
j )jj2 be the per-sample

�ow matching loss. De�ne its gradient with respect to f � as g(zj jz i
t ; yi ) =

r f � (zj jz i
t ; yi ) = 2

�
f � (z i

t jy
i ; t) � v(z i

t jz
j )

�
. For a �xed zi

t ; yi , let V arpt (�jz i
t ;y i )�

g(zj jz i
t ; yi )

�
= � g(zi

t ). The PAFM objective, when optimized usingK > 1
samples perzi

t via Self-Normalized Importance Sampling (SNIS), yields a
gradient estimator with variance � g=ESS(z i

t ), where ESS(zi
t ) � 1 is the Kish

E�ective Sample Size [28].

Proof. First, notice that,

pt (z j jz i
t ; yi ) =

pt (z j ; zi
t ; yi )

pt (z i
t ; yi )

=
pt (z i

t ; yi jz j )p(z j )
pt (z i

t ; yi )
=

pt (z i
t jz

j )pt (y i jz j )p(z j )
pt (z i

t ; yi )
(8)

/ p t (z i
t jz

j )pt (y i jz j )p(z j ) (9)

Concretely, the posterior pt (zj jz i
t ; yi ) is directly proportional to the individual

probabilities pt (zi
t jz

j ) pt (yi jz j )p(zj ) up to a �xed normalizing factor in zi
t ; yi .

Let p̂t (zj jz i
t ; yi ) = pt (zi

t jz
j )pt (yi jz j )p(zj ) be the un-normalized approximation of

pt (zj jz i
t ; yi ). Now, de�ne a (un-normalized) distribution qt (zj jz i

t ; yi ), and sample
K � 1 elements from the distribution to obtain fz j gK

j=1 � q t (zj jz i
t ; yi ). Leveraging

self-normalizing importance sampling (SNIS), we de�ne weights �j ,

� j =
p̂t (z j jz i

t ; yi )
qt (z j jz i

t ; yi )
=

pt (z i
t jz

j )pt (y i jz j )p(z j )
qt (z j jz i

t ; yi )
(10)

De�ning qt (zj jz i
t ; yi ) = p(zj ), � j reduces topt (zi

t jz
j )pt (yi jz j ). Of these, pt (zi

t jz
j )

is simply the conditional probability path, and pt (yi jz j ) is the posterior-distribution
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of the condition given the target data point. We then obtain the SNIS normalized
weights by computing wj = � j =P K

k=1 � k . By de�nition, the SNIS estimator of
Efz j �p t (�jz i

t ;y i )g

�
g(zj jz i

t ; yi )
�

is � (SNIS)
g (z i

t jK) =
P K

j=1 wj g(zj jz i
t ; yi ).

We further de�ne the Kish e�ective sample size (ESS) as, ESS(zi
t ) =

hP K
j=1 w j

i 2=P K
j=1 w 2

j = 1=P K
j=1 w 2

j Thus, 1 � ESS (zi
t ) � K . Putting all the pieces

together, we obtain,

Var
�

� (SNIS)
g (z i

t jK)
�

=
KX

j=1

w2
j Var

�
g(zj jz i

t ; yi )
�

=
KX

j=1

w2
j � g =

� g

ESS(zi
t )

(11)

Now, observe that whenK = 1, the SNIS estimator reduces to the gradient
variance of the �ow matching objective from Eq. (1):

� (SNIS)
g (z i

t j1) =
1X

j=1

wj g(zj jz i
t ; yi ) = g(z j jz i

t ; yi ) (12)

= r f jjf � (z i
t jt; y i ) � v(z i

t jz
j )jj 2 (13)

! Var
�

� (SNIS)
g (z i

t j1)
�

= � g (14)

Thus, by choosingK � 1, PAFM reduces the variance of each gradient estimate
over zi

t by a factor of ESS(zi
t ) � 1 compared to �ow matching. �

This further highlights an important result: PAFM is a generalization of the
�ow matching objective, and reduces to it when K = 1.

4.2 Model Training

We now translate the formal de�nition of posterior augmented �ow matching
( Eq. (3)) to a practical training objective for recti�ed �ow models. Posterior-
augmented �ow matching (PAFM) extends the standard �ow matching (FM)
objective by introducing three components: (i) a target set fz j gK

j=1 providing
additional supervision trajectories, (ii) the conditional probability path pt (zi

t jz
j )

capturing how plausible reaching each target is from the current latent and (iii)
the condition likelihood p(yi jz j ) measuring the compatibility of targets with the
input condition.

Selecting target points fz j gK
j=1 . The choice of candidate target points is where

PAFM o�ers its greatest �exibility, and the optimal strategy may vary across
generative settings, data modalities and training regimes. While the theoretical
objective ( Eq. (3)) is de�ned over the true posterior pt (zj jz i

t ; yi ), it is intractable
and any practical approximation must be de�ned over a �nite support set. PAFM
is agnostic to how these candidates are sourced: they may be sampled from the
target distribution, augmentations of data from the distribution, perturbations
of data in the latent space, etc... The importance weightswj then re-weight
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Fig. 2: Posterior augmented �ow matching is more robust than �ow matching.
We train two recti�ed �ow models to generate two crescent moon distributions (left).
Second-left: a model trained with FM generates many points in between the two moons.
Second-right: the same model trained with PAFM has far less of an issue. Right: PAFM
estimates the true velocity �eld across t signi�cantly better.

these candidates according to their posterior likelihoods, shaping the supervision
signal toward the posterior distribution. We investigate three proposal methods
in Sec. 5, yet PAFM is technically compatible with nearly any strategy.
Note: we always controlfz j gK

j=1 to include zi (i.e., the target data point from
which zi

t is sampled under traditional FM).

The conditional probability path, pt (zi
t jz

j ). The conditional probability path
describes how plausible each targetzj is for a given latent-point zi

t . PAFM uses
the exact conditional probability path from the FM assumptions in Sec. 3. Recall
that this is a Gaussian distribution parameterized by N (� t zj ; � 2

t I d) where � t = t
and � t = 1 � t. The log-likelihood is thus given by,

log pt (z i
t jz

j ) = �
jjz i

t � (1 � t)z j jj2

2t2
+ C (15)

where C is the normalizing constant. In practice, we compute the un-normalized
likelihood exp (� jjz i

t � (1 � t)z j jj 2=2t2 ).
Note: Substituting zi

t = t� i + (1 � t )zi into Eq. (15) and simplifying yields the
equivalent formulation: exp (� jjt� i + (1 � t)(z i � z j )jj 2=2t2 ). Because ft; � i ; zi g are
constant for all zj 2 fz j gK

j=1 , the sharpness ofpt (zi
t jz

j ) largely depends on the
distance between each zj and zi .

The condition likelihood, pt (yi jz j ). The condition likelihood depicts how
suitable each targetzj is for the condition yi . In the case of class-conditioned �ow

matching, this is a deterministic function 8t: pt (yi jz j ) =

(
1 if y i = y j

0 otherwise
. In the

case of continuous-conditioned generation (e.g., text-to-image), this distribution
is unknown apriori and must be approximated�forming the second design choice
in PAFM. While many viable choices exist, one intuitive strategy for modeling the
distribution is employing a vision-language model such as CLIP [20] to compute
the alignment of yi and zj .

Note: We use the naive class-conditioned variant for our text-to-image experiments
owing to its simplicity, and leave more re�ned condition likelihood approximations
to future work.
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The PAFM training objective. With a de�ned candidate selection strategy
for fz j gK

j=1 and chosenpt (yi jz j ) distribution, we can train with PAFM using the
following general objective,

min L (P AF M) (�) = min
1
N

NX

i=1

KX

j=1

wj jjf � (z i
t jt; y i ) � v(z i

t jz
j )jj 2

2 (16)

where wj = p t (z i
t jz

j )pt (y i jz j ); and
P K

j=1 wj = 1.

The PAFM batch step. Algorithm 1 illustrates a batch step with PAFM,
where navy text denotes additions to the standard FM objective.

Algorithm 1 Posterior Augmented Flow Matching Batch Step

1: Input: Model f � , batch B = f (zi ; y i ; � i )gn
i=1 where (zi ; y i ) � p data (�), � i � N (0; Id ),

learning rate 
 . Candidate pool f (zj ; y j )gK
j=1 for each i s.t. (zi ; y i ) 2 f (zj ; y j )gK

j=1 .
2: Output: Updated model parameters �
3: L(�) = 0
4: for i in range(n) do
5: t � U[0; 1); z i

t = t� i + (1 � t)z i

6: for j in range(K) do
7: v(z i

t jz j ) = (z i
t � z j )=t; ŵ j = p t (z i

t jz j ) p(y i jz j )
8: end for
9: L(�) +=

P K
j=1 (ŵ j =P K

k=1 ŵ k ) kf � (z i
t jt; y i ) � v(z i

t jz j )k2

10: end for
11: �  � � 


N r � L(�)

Understanding PAFM with an example. To build intuition for PAFM's
e�ect on training recti�ed �ow models, we train two four-layer MLP models to
generate a simple two-dimensional crescent moon distribution in Fig. 2 (left).
Under standard FM, the model generates a substantial number of spurious points
in the region between the two crescents (second-left), despite training for an
extensive period of time (50K steps). This is a consequence of sparse supervision:
the model observes few trajectories passing through these intermediate regions,
thereby limiting its capability at estimating the true velocity �eld. However,
training the same model with PAFM largely resolves this artifact (second-right),
as each intermediate point receives supervision from multiple weighted targets
rather than a single trajectory�enabling the model better estimate the true
velocity �eld. The rightmost panel quanti�es this gap directly: we plot the mean
squared error between the learned velocity and the analytically computed true
velocity �eld across all denoising steps (t) over the course of training. Notably,
PAFM steadily lowers its velocity �eld error throughout training, whereas FM
exhibits substantial variance in its �eld estimates across training steps. Moreover,
PAFM ultimately converges to a substantially more accurate velocity �eld than
FM. We provide additional implementation details in App. A.
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5 Experiments

Posterior-augmented �ow matching (PAFM) is general and can be applied any-
where �ow matching (FM) is used. As described in Sec. 4.2, a primary design
choice when training with PAFM is selecting the candidate target set fz j gK

j=1

for eachzi . While many proposal mechanisms are viable, we �nd that a simple
nearest-neighbor retrieval in latent-space consistently improves over FM across
class-conditioned (ImageNet-1K [5]) and text-to-image (CC12M [4]) generation,
across architectures (SiT [17] and MMDiT [7]), and across model scales (SiT-B/2
and SiT-XL/2). We further show that PAFM can empirically reduce the gradient
variance during training compared with FM, show that PAFM improves per-
formance throughout training, analyze the computational overhead of training
with PAFM and ablate alternative target selection strategies�demonstrating the
inherent tailorability of PAFM. Additional experiments applying PAFM without
REPA, on more advanced objectives (e.g.,� FM [25]), with uniform weighting,
and comparing its training to FM are in App. B.

Setup. We train all our models for 400K iterations with a batch size of 256 on
images with 256x256 resolution, and with the REPA loss [29]. All experiments are
conducted on single nodes with 8 H100 GPUs. We evaluate all our models without
classi�er-free guidance (CFG) [12] using the ODE sampler with 50 denoising
steps, and report Fréchet Inception Distance (FID) [10], sFID [18], precision and
recall over 50K samples, as is standard.

5.1 Nearest Neighbor PAFM Results

Our primary implementation of PAFM forms the target set fz j gK
j=1 by retrieving

the K nearest-neighbors (KNN) of each training examplezi in latent-space.
Neighbors are extracted once for eachzi using FAISS indices [6] computed
over the train dataset during the data-preprocessing, and training simply loads
the precomputed neighbors alongside each zi �introducing no additional online
compute. Nearest neighbors allow a healthy e�ective sample size throughout
training, as candidates are geometrically close to zi .

Table 1: PAFM improves FM on
ImageNet-1K. Results on FID50K with-
out CFG and NFE=50 after 400K training
iterations. Models are trained with REPA.

Model Obj. K FID# sFID# Prec." Rec."

SiT-B/2

FM � 27.57 11.44 0.57 0.63
PAFM 64 25.45 6.91 0.58 0.64
PAFM 16 24.88 6.81 0.58 0.64
PAFM 8 25.25 6.90 0.58 0.65
PAFM 4 25.47 6.97 0.58 0.64

SiT-XL/2
FM � 11.14 8.25 0.67 0.66
PAFM 16 9.85 5.24 0.68 0.65

Class-conditioned generation on
ImageNet-1K. We restrict the neigh-
bor search to images sharing the same
class label, computing an independent
FAISS index per class over the image
latent encodings. Since all candidates
share the same class-label, the condition
likelihood pt (yi jz j ) = 1 ; 8zj 2 fz j gK

j=1 .
Tab. 1 shows the results when training
SiT-B/2 and XL/2 models with PAFM
compared to FM. Notably, PAFM im-
proves over FM-trained models in nearly all metrics across both model scales and
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all K , highlighting its e�cacy. Interestingly, PAFM peaks at K = 16 for SiT-B/2
re�ecting a bias-variance tradeo�: too few neighbors limit variance reduction
while too many include distant candidates that add noise rather than signal.

Text-to-image generation on CC12M. Without discrete class labels, we
approximate class-conditioning in two stages. First, we encode all images and
captions using the SigLIP2 [27] So400M/14 encoderx and retrieve the M images
whose encodings have highest cosine similarity toyi . Second, from this shortlist
we select theK nearest neighbors tozi in latent space, as in the class-conditioned
setting. This ensures candidates are both semantically compatible with the
condition and geometrically close in latent space. We use M = 128 and K = 32
in our experiments. Since the candidate set has already been �ltered for semantic
compatibility with yi , we treat the condition likelihood pt (yi jz j ) as approximately
uniform across the set and omit it from the weight computation. Thus, only the
conditional path likelihood pt (zi

t jz
j ) determines the relative importance weights�

wj . We train MMDiT models on CC12M with PAFM and FM, and evaluate the
resultant checkpoints after 400K training iterations on a held-out validation set
of 50K examples. Overall, we observe that FM achieves an FID50K of 10.37,
compared to 9.45 when using PAFM, illustrating how PAFM can be utilized to
improve �ow matching even in more challenging text-to-image settings.

5.2 Alternative Target Selection Strategies

Table 2: PAFM with random aug-
mentations improves FM. Results on
FID50K without CFG and NFE=50 after
400K training iterations. The target set
for PAFM is obtained by center cropping
each training image to an �augmented res-
olution� (�Aug. Res.�) and then randomly
resize cropping down to 256x256 resolu-
tion K = 5 times.
Model Obj. Aug. Res. FID# sFID# Prec." Rec."

SiT-B/2

FM 256 � 256 27.57 11.44 0.57 0.63
PAFM 281 � 281 25.03 6.84 0.58 0.65
PAFM 320 � 320 24.15 6.70 0.59 0.65
PAFM 384 � 384 25.43 7.13 0.58 0.65
PAFM 512 � 512 25.44 6.72 0.58 0.64

SiT-XL/2
FM 256 � 256 11.14 8.25 0.67 0.66
PAFM 281 � 281 9.77 5.47 0.68 0.67
PAFM 320 � 320 9.96 5.46 0.69 0.66

While selecting fz j gK
j=1 via nearest

neighbor search is su�cient to consis-
tently improve over �ow matching, we
emphasize that there may be many vi-
able alternative strategies, depending
on the desired application setting. In
this section, we ablate two additional
selection strategies, �nding promising
results with each. All models trained
in this section are REPA-SiT-B/2 with
256 batch size on ImageNet-1K 256� 256
resolution for 400K iterations.

Augmenting the source image. A
natural alternative to creating the tar-
get set for each training imagezi by
retrieving its nearest neighbors, is by augmenting the training image itself. De-
pending on the augmentation, resultant images may provide di�erent views (e.g.,
from random crops), styles (e.g., jitter or applying style transfer methods), or
compositions (e.g., horizontal �ips, rotations) of the original image�increasing
the diversity of the underlying supervision signal. In this �rst foray, we focus on

x https://huggingface.co/google/siglip2-so400m-patch14-384
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the e�ect of sampling di�erent spatial views of zi . Speci�cally, we �rst center-
crop each image to 256R � 256R resolution, whereR � 1 is referred to as the
�augmentation scale� (aug. scale). We then takeK � 1 random resize crops down
to 256� 256 resolution, resulting in a target set ofK � 1 di�erent �views�, and
�nish by adding zi to the set. Notably, the augmentation scale controls the
spatial diversity of the resulting targets: small factors yield images that are nearly
identical to zi , while larger factors produce more varied views. While this strategy
rests on the assumption that random crops are plausible samples from the target
image distribution, we posit that it is reasonable given its widespread use for
training foundation vision models [19,20,27]. Tab. 2 shows results on SiT-B/2 and
SiT-XL/2 with K = 5. PAFM improves over FM at every augmentation scale,
substantially lowering FID by up to 3.42. We compute these augmentations online
in our experiments; however they could equally be precomputed and instead
directly loaded during training to eliminate this overhead.

Table 3: Sampling K times from
the VAE improves FM. Results on
FID50K without CFG and NFE=50 after
400K training iterations. The target set for
PAFM is obtained by randomly sampling
from the training image's VAE moment K
times (FM always samples once).

Model Obj. K FID# sFID# Prec." Rec."

SiT-B/2
FM - 27.57 11.44 0.57 0.63
PAFM 10 25.15 6.95 0.58 0.65

SiT-XL/2
FM � 11.14 8.25 0.67 0.66
PAFM 10 9.70 5.36 0.68 0.66

Sampling from the VAE moment
distribution. All our recti�ed �ow
matching models are trained in the la-
tent space of a VAE [22], where tar-
gets are created by �rst encoding each
training image into a multivariate Gaus-
sian distribution (termed �moment�) and
then sampling from it�amounting to
small random perturbations around the
mean encoding. Flow matching (and
all our previously described PAFM ap-
proaches) sample once from the moment
at each step. Thus, a very simple target selection strategy for PAFM is instead
sampling from this moment K times. While this is the cheapest selection strategy
proposed (sampling from the moment requires minimal overhead), the VAE
posterior is tightly concentrated. This yields candidates that explore only a small
neighborhood in latent space, and can limit their diversity. Tab. 3 shows that
this simple strategy can improve over �ow matching when K = 10. This shows
how PAFM can extract gains from even very modest transformations of the
underlying target point z i , underscoring its �exibility as a training framework.

5.3 Analysis Table 4: PAFM marginally increases
overhead. Computational overhead com-
parison between FM and PAFM with
K= 32 neighbors on CC12M 256x256 with
MMDiT. Benchmarked on 8ÖH100 GPUs
with total batch size of 256.

Metric FM PAFM

Throughput (samples/sec) 1151 1074 (�6.6%)
Peak Memory (GB) 19.11 19.18 (+0.4%)
FLOPs/step (GFLOPs) 10773 10773 (+0.0%)

PAFM induces negligible com-
putational overhead. We benchmark
the computational overhead of train-
ing with the nearest neighbor ver-
sion of PAFM compared to FM using
the MMDiT architecture on CC12M
over 500 consecutive training iterations.
PAFM marginally decreases throughput
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by 6.6%, only increases peak memory consumption by 0.4% and has no perceived
change in GFLOPs. We attribute this to the fact that PAFM nearest neighbors
can be computed once during data-preprocessing and simply loaded alongside
each training example during training. Thus, PAFM can be nearly as e�cient as
its �ow matching counterpart.

Fig. 3: PAFM reduces mini-batch
gradient variance over FM. Optimiza-
tion steps over the same 500 iterations for
REPA-SiT-B/2 [17] models trained with
nearest neighbor PAFM with K=16 (blue)
and FM (red) on ImageNet-1K [5]. Full
lines show gradient variance at each iter-
ation, while the correspondingly colored
dashed lines indicate the mean variance
across all iterations. PAFM reduces gradi-
ent variance by a factor of �4.

PAFM reduces gradient variance
in practice. Theorem 2 establishes that
under�certain sampling conditions�
posterior augmented �ow matching
(PAFM) lowers the gradient variance
at each intermediate point in the la-
tent space, by a factor dependent on
the number of additional samples used
for supervision compared to �ow match-
ing (FM). By lower bounding the FM
gradient variance at arbitrary �xed in-
termediate points, PAFM should further
lower bound the variance of the gra-
dients across batches during training,
leading to more stable gradient updates.
We test this empirically by training two
REPA-SiT-B/2 models on ImageNet-1K
256x256 resolution with the FM and
nearest neighbor PAFM (K=16) objec-
tives respectively. We measure gradient
variance asTr (� g) = E

�
kg � ĝk 2

�
, where � g is the covariance of the stochastic

gradient de�ned in Theorem 2 and ĝ is the full-batch gradient. At each training
iteration, we randomly sample 500 batches (each of size 256), and compute the
variance across these mini-batch gradients. Fig. 3 compares the gradient variance
midway through training at 50,000 steps over the same 500 iterations. PAFM
achieves lower batch-gradient variance compared to FM at every iteration, and
its mean variance is nearly 4� less than that of FM: 0:22, versus0:80. This
illustrates how PAFM can reduce gradient variance beyond theoretical settings;
it is observed empirically in real-world settings, yielding more stable gradient
steps.

PAFM improves over FM qualitatively. Fig. 4 shows side-by-side gener-
ations using NFE=50 without CFG from REPA-SiT-XL/2 models trained on
ImageNet-1K for 400K steps with FM (left) and the VAE sampling variant of
PAFM (K=10, right). Across a diverse range of classes, PAFM generations are
sharper and more structurally coherent than their FM counterparts. Moreover,
while FM generations appear to show di�culty resolving class-discriminative
structures, PAFM consistently produces recognizable outputs. These qualitative
improvements are consistent with the FID50K gains reported in Tab. 3.
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Fig. 4: PAFM improves FM qualitatively. Side-by-side generations with NFE=50
from REPA-SiT-XL/2 models trained for 400K steps on ImageNet-1K using FM (left)
and the VAE sampling PAFM (K=10, right) Each pair shows the same class. PAFM
consistently produces sharper and more class discriminative outputs.

6 Conclusion

We introduce Posterior Augmented Flow Matching (PAFM), a principled ex-
tension of �ow matching (FM) that replaces the sparse one-to-one supervision
of FM with a posterior-weighted expectation over all plausible trajectories. We
show that PAFM is an unbiased estimator of the FM objective that provably
lower bounds its gradient variance under certain sampling conditions. PAFM can
be �exibly adapted for e�ciently training recti�ed �ow models in real-world set-
tings, improving FM performance by up to 3.4 FID50K across class-conditioned
and text-to-image benchmarks (ImageNet-1K and CC12M respectively), pop-
ular model architectures (SiT and MMDiT), and model scales (SiT-B/2 and
SiT-XL/2)�whilst increasing computational overhead by just 6.6%.
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