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Abstract

Flow map matching (FMM) enables one- and
few-step sampling for diffusion-style generation,
yet its performance is often hindered by the mis-
match between ground-truth training transitions
and model-induced flow maps. We propose Con-
trastive Flow Map Matching (CFMM), a princi-
pled framework that explicitly aligns FMM train-
ing with practical sampling. Our approach is
motivated by a joint-KL decomposition on the
reverse KL divergence, which decomposes the
distributional gap into a marginal mismatch over
intermediate states and a conditional mismatch in
endpoint reconstruction. This analysis motivates
two complementary objectives: average-velocity
regression for marginal alignment and a sampling-
aligned InfoNCE contrastive loss for conditional
refinement. CFMM is a training-only plug-in for
pre-trained FMMs, incurs no inference-time over-
head, and supports training FMMs from scratch.
Experiments on CIFAR-10, ImageNet, and LSUN
across multiple FMM baselines demonstrate con-
sistent improvements in fidelity and perceptual
quality with only modest additional training cost.

1. Introduction

High-quality generative modeling has become a cornerstone
of modern machine learning, enabling rapid progress in gen-
erating images (Ma et al., 2024; Yu et al., 2025), videos (Bar-
Tal et al., 2024), speech (Jia et al., 2025), audio (Huang et al.,
2023), and 3D scenes (Sun et al., 2025; Wu et al., 2025b).
Among the most successful approaches, diffusion (Karras
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Figure 1. Contrastive Flow Map Matching. FMMs learn finite-
time transport maps that move samples from a Gaussian prior
N (0, I) (right) toward the data distribution pgata (left) via large
transitions along the sampling trajectory. Starting from a noisy
state z¢, an FMM predicts an intermediate state 2, and then maps it
to a final sample Z. Due to imperfect average-velocity estimation,
the model-induced intermediate distribution may deviate from the
ground-truth bridge state z,- (marginal mismatch), which subse-
quently degrades the endpoint mapping from 2, to & (conditional
mismatch). CFMM addresses this training—sampling discrepancy
by combining average-velocity regression to improve transport
dynamics with a sampling-aligned contrastive objective that pulls
matched pairs (Z, z) close in feature space while pushing nega-
tives x~ far apart, thereby improving semantic fidelity and fast-
sampling quality without changing inference-time sampling.

etal., 2022; Rombach et al., 2022) and flow-based (Liu et al.,
2023; Albergo & Vanden-Eijnden, 2023) generative models
have demonstrated exceptional fidelity and mode coverage,
benefiting from stable likelihood-free training objectives
and strong scalability. However, these gains often come
with a substantial inference cost: many models rely on itera-
tive sampling that requires dozens to hundreds of function
evaluations per sample (Song et al., 2021; Lu et al., 2022;
Lipman et al., 2023). This computational burden poses a
major challenge for latency-critical deployments, including
mobile or edge generation, interactive content creation, and
real-time decision-making (Xie et al., 2025).

The pursuit of fastforward generative models—producing
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high-quality samples in only a few steps—has therefore at-
tracted growing attention (Boffi et al., 2025; Sabour et al.,
2025). A variety of approaches have been explored, includ-
ing improved numerical solvers (Tong et al., 2025; Zhang &
Chen, 2023; Zhao et al., 2023), distillation-based accelera-
tion (Yin et al., 2024; Sauer et al., 2024), and consistency-
based training (Song & Dhariwal, 2024; Geng et al., 2025c;
Lu & Song, 2025), all aimed at reducing the number of
sampling steps. Despite this progress, aggressively reducing
steps often amplifies errors along the sampling trajectory,
resulting in artifacts, semantic inconsistency, and degraded
realism (Karras et al., 2022; 2024). Achieving both high
fidelity and fast sampling, thus, remains challenging.

Flow Map Matching (FMM) offers a promising path to-
ward fast generation (Geng et al., 2025a; Zhang et al., 2025;
Luo et al., 2025; Kim et al., 2025; Geng et al., 2025b). In-
stead of learning an instantaneous velocity field and approx-
imating the probability-flow ODE with many small steps,
FMM directly learns finite-time transport maps between
arbitrary time intervals (Wang et al., 2025a; Frans et al.,
2025). This enables large transitions along the generative
trajectory, making one-step or few-step sampling feasible
in principle (Hu et al., 2025). Recent methods, such as
MeanFlow (Geng et al., 2025a), show that time-dependent
transport maps can substantially reduce inference cost while
preserving competitive quality. From this perspective, FMM
offers an appealing abstraction: it predicts a finite-time map
that moves noisy states toward cleaner ones, thereby bypass-
ing iterative refinement.

Nevertheless, the practical generative capacity of FMMs is
often underutilized, particularly in regimes with extremely
small NFEs. Finite-time transport learning is inherently ap-
proximate: the learned flow maps incur transport estimation
errors, leading to a mismatch between the model-induced
trajectory and the ideal data-generating process (Zhang et al.,
2025; Lee et al., 2025b; Geng et al., 2025b), closely re-
lated to the training—sampling discrepancy in diffusion mod-
els (Ning et al., 2023; Li & van der Schaar, 2024). While
such errors can directly distort the endpoint prediction in
one-step sampling, they can further accumulate and propa-
gate across transitions in few-step settings. Moreover, stan-
dard FMM training is dominated by reconstruction-style
regression approaches (e.g., average-velocity matching),
which encourage local alignment but may fail to capture
the semantic and perceptual structure required for realistic
synthesis (Li et al., 2023; Yu et al., 2025; Xiang et al., 2023).
As aresult, even when regression losses are small, generated
samples can still deviate from the data manifold in visually
significant ways (Yang & Wang, 2023; Chen et al., 2025b).

In this work, we ask: How can an FMM model be refined
so that its objective better reflects the sampling behavior
executed at inference time? We put forward Contrastive

Flow Map Matching (CFMM), a principled framework
that aligns FMM training with the model-induced flow maps,
as illustrated in Figure 1. Our approach is motivated by an
analysis of the distributional gap induced by transport er-
rors. Specifically, we show that the reverse KL divergence
between the target data distribution and the FMM-induced
distribution admits an upper bound consisting of two inter-
pretable components: (i) a marginal mismatch due to errors
in intermediate transported states, and (ii) a conditional mis-
match due to the final transition mapping intermediate states
to clean samples. This decomposition suggests that im-
proving fast sampling requires jointly correcting transport
dynamics and refining the endpoint reconstruction under
imperfect intermediates.

Guided by this insight, CFMM optimizes two complemen-
tary objectives. First, we retain average-velocity matching
as a principled surrogate to improve transport dynamics
and reduce marginal mismatch. Second, we introduce a
sampling-aligned contrastive objective that serves as a prac-
tical surrogate for endpoint-level conditional consistency.
Rather than enforcing strict pixel-level reconstruction—
often brittle under inevitable transport estimation errors—
we compare model outputs along the sampling trajectory
to their ground-truth targets using a feature-space similar-
ity score optimized via InfoNCE (Oord et al., 2018). This
provides robust supervision for semantic consistency (e.g.,
identity, object presence, layout) even when exact recon-
struction is imperfect, while encouraging discriminative
representations that complement regression-based learning.

In short, CFMM is simple and practical. It can be applied
as a plug-in fine-tuning procedure for pre-trained FMMs
with moderate additional training cost and no inference-time
overhead. It can also be used to train FMMs from scratch,
offering a general recipe for sampling-aligned transport
learning. We validate CFMM on CIFAR-10, ImageNet, and
LSUN across multiple FMM baselines, observing consis-
tent improvements in sample fidelity and perceptual quality
under one- and few-step sampling.

2. Preliminary

This section briefly reviews the theoretical foundations of
flow matching (FM) and flow map models, which serve as
the core building blocks of our framework.

Flow Matching. The goal of generative modeling is to
transform a simple prior distribution (typically N (0, I))
into the target data distribution pgat.(x) through a time-
evolving transport process. FM instantiates this idea by
learning a continuous-time velocity field that governs the
evolution of samples along a trajectory from noise to data.
Concretely, given a data sample & ~ pgata(z) and a noise
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sample e ~ N (0,I), FM considers a linear interpolation:

zz=(1—-t)x+te, te]|0,1].

Differentiating z; yields the corresponding instantaneous
velocity v, £ % = e — x. FM trains a neural network

vg (2, t) by minimizing a regression loss in velocity space:

Lrn(0) = Ep e [va(zt,t) (e~ x)\ﬂ.

Since the same intermediate state z; can arise from multiple
pairs (z, €), the optimal predictor under squared loss corre-
sponds to the marginal velocity v (2, t) = E[vy | 2], which
averages over all compatible (z, ) given (z,t). After opti-
mization, samples are generated by solving the probability-
flow ODE £t = vy- (2, t) with initialization 21 ~ Pprior
and integration from ¢ = 1 to ¢ = 0. In practice, accurate
numerical integration typically requires many discretization
steps, which limits sampling efficiency.

Flow Map Models. To reduce the reliance on multi-step
ODE integration, flow map models have been proposed as
an alternative paradigm for fast generation. Rather than pre-
dicting an instantaneous velocity, they aim to parameterize
finite-time transport maps that directly connect states across
arbitrary time intervals, enabling coarse or even one-step
transitions along the generative trajectory. Here, we use
MeanFlow (Geng et al., 2025a) as a representative example.

Let v(z, t) denote the instantaneous velocity field. Mean-
Flow defines the average velocity between time points  and

t as:
1 t
p—— /r v(zr, T) dT.

Direct evaluation of this integral is generally intractable
during training (Geng et al., 2025a;b). To obtain a tractable
learning objective, MeanFlow differentiates the above defi-
nition with respect to ¢ and derives the identity:

4

U(Zt, T, t)

du(zg,r,t)

w(zg, o t) = v(z,t) — (E—1) o

NG))

In Eq. (1), v(z, ) is instantiated as e — « (as in FM), leav-
ing W as the only unknown term. This derivative
can be computed efficiently via a Jacobian—vector product
(JVP) between the Jacobian [0, u, 0,u, O;u] and the tangent
vector [v, 0, 1]. For brevity, we denote this operation by

JVP(u;v), evaluated at u(z, r, t) and v(z¢, t), yielding:
JVP(u;v) £ 0,u(ze, r,t) v(ze, t) + Opu(ze, 7, t).

MeanFlow then employs a neural network wug(z¢, 7, t) to
approximate the average-velocity field and optimizes it to
satisfy Eq. (1). Concretely, the target is instantiated as:

Ugt = (e — ) — (t —r) IVP(ug; e — x), (2)

where two approximations are adopted (Geng et al., 2025a):
(i) the marginal velocity v(zq, t) is replaced by the condi-
tional estimate e — x (as in flow matching), and (ii) the
ground-truth v inside the JVP is replaced by the network
prediction ug. Given this target, MeanFlow minimizes the
following regression objective, where sg(-) denotes the stop-
gradient operator for stabilizing training:

Laverage = Bt r.ze [Hue(zt, rt) — Sg(utgt) HQ} N E))

After training converges to §*, MeanFlow enables a direct
transition from z; to time r via 2, = z; — (t—7) ug~ (24,7, t).

3. Theoretical Analysis

Although MeanFlow can yield high-quality one-step genera-
tion, its training is inherently limited by velocity estimation
error, which can constrain its modeling capacity. This is-
sue is not specific to MeanFlow and also appears in other
FMM variants. In what follows, we first clarify the origin
of this error and then derive a KL upper bound that yields a
principled decomposition of the modeling gap, motivating
tractable surrogate objectives.

3.1. Velocity Estimation Error

MeanFlow learns an average-velocity field u(z, r, t) by re-
gressing a network ug(z,7,t) to a training target uggg. A
key ingredient in constructing gy is the Jacobian—vector
product JVP (u; v), which ideally depends on the ground-
truth average velocity u(z¢,r,t). In practice, however,
MeanFlow replaces this unknown quantity with the network
prediction wg (2, r, t) when computing JVP (u; v). As are-
sult, the training target becomes self-referential: it depends
on the current model parameters.

This approximation is particularly problematic early in train-
ing, when ug(z, r, t) is inaccurate due to random initializa-
tion. Consequently, the constructed target can deviate from
the ideal average velocity,

1 t
Utgt 7 w(2e, T, ) = m/ v(27,7)drT,
T

introducing an intrinsic bias into the regression objective. In
principle, one would like to replace ug in JVP(ug; e — x)
with the ground-truth u(z¢, 7, t). However, this is infeasible
because the exact integral ﬁ f: v(zr, T) dT is generally
unknown. Therefore, even after optimization, ug« (2, 7, t)
may fail to faithfully recover the true average velocity, lead-
ing to inevitable velocity estimation error.

At inference time, this error directly impacts sampling:
inaccuracies in ug- distort the model-induced trajectory
and consequently perturb the generated sample & away
from the data manifold. This induces a distributional mis-
match between the model-induced distribution gy (£) and



Contrastive Flow Map Matching

the target distribution pgat. (), which can be quantified by
Dx1,(Paata() || go(2)). However, directly minimizing this
divergence is intractable because gg(Z) is only implicitly
defined through the learned transport dynamics.

3.2. Theoretical Decomposition

Since the ground-truth counterpart of a generated sample
is not available at inference time, minimizing sample-wise
reconstruction discrepancies is generally infeasible. Instead,
we consider the distributional gap between the target data
distribution pgata(x) and the model-induced distribution
qo(2), measured by Dxr,(Pdaata(2) || go(Z)). Directly op-
timizing this divergence is challenging because gg(Z) is
implicitly defined by the learned flow-map sampling pro-
cess and does not admit an explicit likelihood. We therefore
first derive a joint-KL upper bound that decomposes the
terminal modeling gap into two interpretable components.
This decomposition serves as the theoretical motivation for
the surrogate objectives introduced in the next section.

Theorem 3.1. Let z, = (1 —r)x + re, where & ~ paata ()
and e ~ N(0,1), and let P(x, z,) denote the induced joint
distribution over (x, z.). Similarly, let Qy(Z, 2,) denote
the joint distribution over (&, 2,) induced by the flow-map
model, where Z, is the model-generated intermediate state.
Assume that P and Qg are defined on the same endpoint and
intermediate-state spaces, admit regular conditional distri-
butions, and that P is absolutely continuous with respect to
Qg. Then, the following upper bound holds:

D1 (Pdata(®) || 40(2)) < Dxr(P(2, 2;) | Qo(Z, 2))
= DKL(p(Zr) H q@(ﬁr))
+E.opn[DxL(p(x | 2r = 2) | qo(2 | 2 = 2))]. (4)

Proof sketch. The above inequality follows from the data-
processing property of KL divergence by marginalizing the
joint distributions onto their endpoint variables. Apply-
ing the chain rule of KL divergence to the joint distribu-
tions then yields the decomposition in Eq. (4). The first
term, Dxr,(p(z) || go(%,)), measures the discrepancy be-
tween the ground-truth intermediate distribution and the
model-induced intermediate distribution. The second term,
E.p) [ DkL(p(z | 2 = 2) || qo(Z | 2, = 2))], character-
izes the endpoint conditional discrepancy after identifying
z- and Z,. as variables taking values in the same intermediate-
state space. Here, go(& | 2, = z) denotes the regular condi-
tional distribution of the model-induced joint law evaluated
at the same intermediate-state value z; this does not imply
that 2, is sampled from p(z,), but follows from the KL
chain rule with p(z,) as the reference marginal. A detailed
proof is provided in the Appendix. O

Theorem 3.1 provides an exact decomposition of a joint-KL
upper bound on the terminal modeling gap. It reveals two

complementary sources of training—sampling discrepancy in
flow-map sampling: a marginal mismatch over intermediate
states and a conditional mismatch in endpoint reconstruc-
tion. However, the two KL terms in Eq. (4) are generally
not directly tractable, since the model-induced marginal and
conditional distributions are only implicitly specified by the
learned sampling dynamics. Therefore, we do not claim
to directly minimize these KL terms. Instead, we use this
decomposition as a guiding principle to design tractable sur-
rogate objectives: average-velocity regression for improving
intermediate transport consistency, and a sampling-aligned
contrastive objective for encouraging endpoint-level seman-
tic consistency.

4. Contrastive Flow Map

To unlock the underutilized generative capacity of FMMs,
we propose a sampling-aligned learning framework that
refines the model along its own induced flow-map trajec-
tory. The central idea is to optimize tractable objectives that
correspond to the two sources of mismatch identified in The-
orem 3.1, rather than directly minimizing the intractable KL
terms themselves. Specifically, we retain average-velocity
regression as a surrogate for improving intermediate trans-
port consistency, and introduce a sampling-aligned con-
trastive objective as a surrogate for improving endpoint-
level semantic consistency under model-induced interme-
diate states. Guided by this decomposition, our framework
improves fast-sampling performance and can be applied ei-
ther as a plug-in refinement for pre-trained FMMs or as a
training objective from scratch.

In what follows, we first characterize the distributional mis-
match induced by imperfect finite-time transport maps. We
then introduce tractable surrogate objectives motivated by
the marginal and conditional components in the joint-KL
decomposition, and finally present the resulting overall opti-
mization objective.

4.1. Overview

We begin by formalizing the training—sampling mismatch
of FMMs at the distributional level. Let x ~ pgat. and
€ ~ Pprior be paired data and noise samples, and define the
standard linear bridge: z; = (1 — t)x + te,t € (0,1). For
any r < t, an FMM parameterizes an average-velocity field
ug(, -, -), which induces the finite-time transport operator:

O (2) 2 2 — (t—r)ug(ze,m,t), 2 = P55 (2).

where 6* denotes the optimized parameters. Under the
ground-truth bridge, the latent state at time r is given by
2. 2 (1 — r)x + re. Ideally, the learned map ®4¢* should
match the true transition z; — z,.. However, approximation
errors in ug~ generally lead to a discrepancy between the
induced pushforward distributions. Specifically, letting p;



Contrastive Flow Map Matching

denote the marginal distribution of z;, the model-induced
marginal at time 7 becomes: g () = (®5t)4p;, where
(®g)4p denotes the pushforward measure under ®y.

Such mismatch propagates to the final generated sample.
In particular, composing the learned transport to the end-
point yields & £ ®9<7(2,), go(2) = (®Y<" 0 ®L) 4py,
which defines the model distribution gy (Z) only implicitly
through the sampling dynamics. Since Z is not paired with a
unique ground-truth z at inference time, directly minimizing
sample-wise reconstruction losses is not feasible. Instead,
our goal is to reduce the distributional gap between pqata ()
and ¢p(2), e.g., via Dk, (Pdata(2)|lge(Z)). However, this
objective is intractable to optimize directly because gy ()
does not admit an explicit likelihood.

As shown in Theorem 3.1, the terminal distributional
gap can be upper-bounded by a joint KL that de-
composes into two components: a marginal term,
Dxr.(p(zr)|lge(2+)), and an endpoint conditional term,
E.opez) [DrL(p(@ | 20 = 2) || qo(2 | 2, = 2))]. This de-
composition identifies two sources of training—sampling
discrepancy in FMMs: imperfect intermediate transport and
imperfect endpoint reconstruction from model-induced in-
termediate states. However, neither component is directly
tractable to optimize in practice, because the model-induced
marginal and conditional distributions are only implicitly
defined by the learned sampling dynamics. We therefore use
this decomposition as a guiding principle to design practical
surrogate objectives for improving intermediate transport
consistency and endpoint semantic consistency.

4.2. Surrogate Objectives

The decomposition in Theorem 3.1 suggests that improving
FMM sampling requires addressing both intermediate trans-
port mismatch and endpoint reconstruction mismatch. Since
the corresponding KL terms are intractable for likelihood-
free flow-map sampling, we introduce tractable surrogate
objectives for these two components. For the marginal com-
ponent, average-velocity regression encourages the model-
induced intermediate state 2, to match the ground-truth
bridge state z,. For the conditional component, we intro-
duce a sampling-aligned InfoNCE objective that encourages
the endpoint generated from a model-induced trajectory to
remain semantically consistent with its paired data sample in
a frozen representation space. Importantly, the contrastive
objective is used as a surrogate for endpoint-level condi-
tional consistency, rather than as a direct minimization of
the original conditional KL term.

4.2.1. AVERAGE-VELOCITY OBJECTIVE

Lemma 4.1. Assume that the model-induced transition
distribution follows a Gaussian form, qo(2, | 2z) =
N po(ze,7,t),021), where 0, > 0, zy = (1 — t)x + te,

and pg(z¢, 7, t) the state-level transition mean induced by
the FMM. Then, minimizing the conditional KL Dx1,(p(z, |
zt)||lge (2 | 2¢)) is equivalent (up to a 6-independent con-
stant) to minimizing the following regression objective:

Ep(zr,z) [l2r = po (2,7, 0)]1%] - 5)

Consequently, the same equivalence holds for the marginal
objective Ep .,y [Dkr(p(zr | 20)llao(2r | 20))].

Proof. By definition, we have Dky,(p||qe) = E,[logp] —
E, [log gs], where the first term is independent of the model
parameters 6. Moreover, —log qg(z, | 2z:) = 2%2 |z —
wo(ze,7,t)||? + ¢, where ¢ is a constant. Taking the expec-
tation over p(z:, z,) then yields Eq. (5). O

Proposition 4.2. Assume the ground-truth one-step tran-
sition from time t to v is given by z. = z — (t —
r)u(ze, 1, t) and the model transition is parameterized as
2. = 2z — (t — r)up(z¢,7,t). Further assume that the
model-induced transition distribution follows the Gaus-
sian form qo(2, | 2t) = N (305 po(2e,7,t),021), where
wo(ze,m,t) = z¢ — (t — r)ug(ze, 7y t) and o, > 0. If the
involved conditional KL divergences are finite, then there
exists a constant c independent of 0 such that

Dxwr(p(zr) 1 g6 ())
< Epien) | Dt (0 | 2) 1 a0 (3, | 20)

(t—r)?

<
- 202

EP(Zt,Zv-) [HU@(Zt,T', t) - ’U/(Zt,ﬁ t)Hﬂ +c.

Proof. The result follows by first applying the data-
processing property to marginalize out z;, and then us-
ing Lemma 4.1 together with pg(2¢,7,t) = 2z — (t —
r)ug(zt, 7, t). Here, ug (2, r,t) denotes the state-level tran-
sition mean induced by the FMM, whereas wug(z;, 7, t) de-
notes the predicted average velocity. O

In summary, Proposition 4.2 provides an assumption-based
justification for using average-velocity regression as a surro-
gate for marginal alignment. Under the Gaussian transition
model, reducing the average-velocity estimation error de-
creases a transition-level upper bound on the intermediate
marginal mismatch. This supports the use of Lyerage for im-
proving the model-induced intermediate state Z,.. However,
this objective mainly regularizes the intermediate transport
dynamics and does not explicitly constrain the endpoint
mapping from 2, to Z, leaving endpoint-level conditional
consistency only indirectly addressed.

4.2.2. CONTRASTIVE OBJECTIVE

While L.yerage improves intermediate transport consistency,
it does not explicitly encourage the final sample generated
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from a model-induced intermediate state to preserve the
semantic content of the paired data sample. The condi-
tional term in Theorem 3.1 motivates this issue, but directly
optimizing it is infeasible because the model-induced con-
ditional distribution q¢(Z | 2, = z) is implicitly defined by
the sampling dynamics. We therefore introduce a sampling-
aligned contrastive objective as a tractable surrogate for
endpoint-level conditional consistency.

To clarify the role of this objective, we introduce an auxil-
iary energy-based conditional model in representation space.
This auxiliary model is not assumed to be identical to the
original model-induced conditional distribution in Theo-
rem 3.1. Rather, it provides a tractable contrastive surrogate
that encourages matched pairs (&, z) generated from the
same training trajectory to have higher semantic similarity
than mismatched pairs.

By definition, the conditional term can be reformulated as:

Dxv(p(z | 2r)llqe(2 | 2)) =

6
Epapon log p(a | 2) — logao(@ | 2)]. O

Since go(Z | 2,) is implicitly defined by the sampling dy-
namics, directly optimizing Eq. (6) is generally intractable.
To circumvent this issue, we introduce a learnable critic
T (&, x) and define an auxiliary energy-based conditional
distribution ¢y (x | &) as in Eq. (7). This construction
turns conditional mismatch minimization into optimizing
matched-pair scores while controlling the log-normalizer.

Given a critic Ty, (2, =), we define an auxiliary energy-based
conditional distribution:

zla épdata(x)exp(TQb(i:x))
el Z,(#) ’ )

Zy (&) £ Earpyyn [exp(Typ (&, 2))] -

Intuitively, Eq. (7) parameterizes a family of conditional
distributions over = given &, whose log density is:

log gy (x | &) = log paata(®) + Ty (Z, ) —log Zy (Z). (8)

This auxiliary distribution should be interpreted as a
representation-level proxy for endpoint consistency, rather
than as an explicit model of the original conditional distri-
bution gp (& | 2,).

Lemma 4.3 (Auxiliary Conditional Decomposition). Under
the definition in Eq. (7), the auxiliary endpoint-consistency
discrepancy satisfies By, ) [DkvL(p(x | 2,)|qy(z | 2))] =
Ep(z.a) [=Ty(2,7) +1log Zy(2)] + C, where C =
Ep:)[DxL(p(® | 2)||paata())] is independent of .
Here, the expectation is taken over the joint training con-
struction that produces the matched pair (&, x).

Proof sketch. First, we expand Dkr,(p(x | zr)||qu(x | Z))
by applying Eq. (8) together with the identity Dk1,(p|lq) =

E,[log p — log ¢, and then take expectation over p(z, ). Ac-
cordingly, all ¥)-independent terms are absorbed into the con-
stant C'. More derivations are provided in the appendix. [

Lemma 4.3 shows that reducing the conditional mismatch
can be achieved by increasing the critic score Ty (Z, =) for
matched pairs while controlling the normalizer log Zy (Z).
Since log Zy;, (&) involves an expectation over paata (), we
approximate it via negative sampling and adopt the In-
foNCE (Oord et al., 2018) objective:

exp(Ty (&,x))
exp(Ty (&,2))+>_ 1<, exp(Ty (2,x;))

Lnce = —E [log

where (&, x) denotes the matched (positive) image pair, and
{x; }K | are i.i.d. negative samples drawn from pqata(z).

Proposition 4.4 (Auxiliary InfoNCE Surrogate). Assume
the critic satisfies exp(Ty (&, z)) € [0, B] for some B > 0.
Let (&,) be a matched (positive) pair and let {x; } X,
be i.id. negatives drawn from paata(z). Define the
empirical normalizer using negative samples, Zw () &
+ Zf; exp(Ty(&,x;)). Then, with probability at least
1 — 0 over the sampling of {x; Y, we have Z, (%) <

Zl} (%) + ex.5 and ex 5 = B/ %, and consequently:

Ep.,y [Dxu(p(z | 2)llqy (7 | 2))] < Lnce—
log K + Ak s+ C,

where C'is a constant and K denotes the number of neg-
ative samples. Moreover, the slack term can be defined

as AK,(; £ Ep(zr,:z) {1og (1 + 26:)((;))} AK75 — 0 as

K — oo provided that Zw (&) remains bounded away from
0 with high probability.

Proof sketch. By Lemma 4.3, it suffices to upper bound
log Zy (&), where Zy(2) = Epiopg...lexp(Ty(Z,2'))].
Since exp(Ty (&, 2')) € [0, B], Hoeffding’s inequality im-
plies that, with probability at least 1 — 8, Z,, (&) < Zl, (@) +
€x,s, and thus log Z, () < log Zy(&) +log (1 + ZE:(Z))
Substituting this bound into Lemma 4.3 and using Lncg =
E [fTw(iﬂ, x) + log Zp(i)} + log K, completes the proof.
Details are deferred to the appendix. O

Proposition 4.4 shows that, under the auxiliary energy-based
conditional model, the InfoNCE objective controls an auxil-
iary endpoint-consistency discrepancy up to a finite-sample
slack term. This result should not be interpreted as a di-
rect upper bound on the original model-induced conditional
KL term in Theorem 3.1. Instead, it provides a principled
surrogate interpretation: minimizing Lxcg encourages the
generated endpoint & to be closer to its paired data sam-
ple x than to negative samples in a frozen semantic feature
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space. Thus, the contrastive objective complements average-
velocity regression by explicitly regularizing endpoint-level
semantic consistency along the model-induced sampling
trajectory.

4.3. Overall Optimization

We now summarize the training objective implied by
the above analysis. Proposition 4.2 shows that average-
velocity regression provides a principled surrogate for re-
ducing the marginal mismatch Dx1,(p(z,)||go(2)). Propo-
sition 4.4 further establishes that an InfoNCE-style con-
trastive objective upper bounds the conditional mismatch
E, ) [DkL(p(z | 2-)|lqe(Z | 2-))], up to a finite-sample
slack term. Motivated by these results, we optimize an
FMM by jointly minimizing both objectives to reduce the
overall discrepancy Dicr, (Paata (7)|gs ().

To instantiate Lncg, We parameterize the critic as a
temperature-scaled feature similarity:

Ty(#,x) 2 sy(d,2) = (@), fy(@))

T

, 7 >0,

where fy;(-) is a feature encoder and 7 is a temperature
hyper-parameter. In practice, we instantiate f(-) using a
pre-trained DINOv2 model (Oquab et al., 2024) and freeze
1 during training. From Proposition 4.4, the conditional
mismatch is upper-bounded by (Lnxcg—log K+Ak s+C),
where the negatives {x; }X | in Lxcg are sampled from
other examples within the same training batch, Ak ; de-
notes the finite-sample slack, and C' collects terms indepen-
dent of the learnable parameters. The positive pair (%, x)
is constructed by sampling z; along the linear bridge be-
tween x and e and generating & = ®J~"(®5!(z,)). Since
(—log K+Ak s+C) is constant with respect to 6, minimiz-
ing the bound is equivalent to minimizing Lncg. Formally,
letting U(0) £ Lxce(d) — log K + Ak 5 + C, we have:

Vold(0) = VoLncr(9), arg meinbt = arg mein LNCE.
Therefore, optimizing the bound induces identical parameter
updates to directly minimizing Lncg. Putting everything
together, we obtain the final training objective:

£t0ta1 = ‘Caverage + )\£NCE7

where A > 0 balances marginal alignment and conditional
refinement. During optimization, we update ¢ by mini-
mizing Ly, While freezing ¢. By jointly reducing both
surrogate terms in the KL upper bound, the proposed objec-
tive explicitly aligns practical sampling with training and
improves FMM generation under fast sampling.

5. Experiments

This section mainly reports experimental results on fine-
tuning various FMM variants. We also train several base-

Table 1. Training MeanFlow from Scratch on ImageNet 256 x
256. To verify the flexibility of our framework, we also train two
MeanFlow variants, MeanFlow-B/2 and MeanFlow-XL/2, from
random initialization. Under the same batch size and number of
training iterations, our framework achieves better performance, and
can be further improved by allocating additional training budget.

Models FID| NFE| Iter. Batch #Params
MeanFlow-B/2 6.04 1 300k 256 131M
MeanFlow-B/2 5.17 2 300k 256 131M
“+ours 588 1 300k 256  13IM
+ours 5.09 2 300k 256 131M
+ours 5.01 4 300k 256 131M
+ours 498 8 300k 256 131M
“t+ours 574 1 400k 256  13IM
+ours 5.02 2 400k 256 131M
+ours 4.95 4 400k 256 131M
+ours 4.90 8 400k 256 131M
MeanFlow-XL/2 3.47 1 300k 256 675M
MeanFlow-XL/2 2.46 2 300k 256 675M
“+ours 295 1 300k 256  675M
+ours 2.24 2 300k 256 675M
+ours 2.17 4 300k 256 675M
+ours 2.10 8 300k 256 675M
“+ours 290 1 400k 256  675M
+ours 2.06 2 400k 256 675M
+ours 2.03 4 400k 256 675M
+ours 2.00 8 400k 256 675M

Table 2. Training MeanFlow from Scratch on Unconditional
CIFAR-10. Compared with SoTA baselines initialized from pre-
trained EDM (Karras et al., 2022), including iCT (Song & Dhari-
wal, 2024), ECT (Geng et al., 2025¢), sCT (Lu & Song, 2025),
and IMM (Zhou et al., 2025), our framework achieves remarkable
performance while outperforming the original MeanFlow.

Models precond NFE| FID|
iCT EDM 1 2.83
ECT EDM 1 3.60
sCT EDM 1 2.97
IMM EDM 1 3.20

" MeanFlow none 1 292
MeanFlow+ours none 1 2.70

lines from scratch to systematically evaluate the effective-
ness of our framework. Below, we first describe the imple-
mentation details, and then report improvements over strong
baselines, followed by comprehensive ablation studies.

Implementation Details. For fine-tuning, we strictly fol-
low the original training configurations of all pre-trained
baselines, only modifying the contrastive component as well
as the batch size and training iterations. For training from
scratch, we retain the default hyper-parameters of each base-
line and incorporate the proposed contrastive objective with
different \ values. We instantiate the contrastive loss us-
ing a pre-trained DINOvV2 encoder (Oquab et al., 2024; Yu
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Table 3. System-level Fine-tuning Evaluation on Class-conditional ImageNet 256 x 256. To verify the effectiveness of our framework,
we conduct comprehensive experiments on several advanced baselines, including Shortcut (Frans et al., 2025), MeanFlow (Geng et al.,
2025a), TiM (Wang et al., 2025a), and a-Flow (Zhang et al., 2025). Notably, the pre-trained MeanFlow parameters are provided by
a-Flow (Zhang et al., 2025). Clearly, our framework consistently improves performance while incurring only minimal extra training cost.

Models FID] NFE| Iter. Batch #Params
Shortcut-XL/2 10.60 1 800k 256 675M
Shortcut-XL/2 7.8 4 800k 256 675M
“t+ours 974 1  +40k 256  675M
+ours 8.65 2 +40k 256 675M
+ours 7.01 4 +40k 256 675M
+ours 6.39 8 +40k 256 675M
MeanFlow-B/2 6.04 1 300k 256 131M
MeanFlow-B/2 5.17 2 300k 256 131M
“+ours 576 1 435k 256  13IM
+ours 5.05 2 +35k 256 131M
+ours 5.03 4 +35k 256 131M
+ours 5.01 8 +35k 256 131M
“+ours 571 1  +40k 512 13IM
+ours 5.00 2 +40k 512 131M
Ct+ours 571 1  +40k 1024  13IM
+ours 5.02 2 +40k 1024 131M
MeanFlow-XL/2 3.47 1 300k 256 675M
MeanFlow-XL/2 2.46 2 300k 256 675M
“+ours 298 1 430k 256  675M
+ours 2.10 2 +30k 256 675M
+ours 2.05 4 +30k 256 675M
+ours 2.02 8 +30k 256 675M

Table 4. Fine-tuning Evaluation on LSUN datasets. To evaluate
performance on consistency models (CT) (Song et al., 2023), we
enhance the pre-trained models using the same batch size and fine-
tune for an additional 50k and 60k iterations on LSUN Bedroom
and LSUN Cat, respectively. Improvements across three metrics
systematically demonstrate the superiority of our framework.

METHOD NFE| FID| Prec.t Rec.t
LSUN Bedroom 256 x 256

CT 1 16.0 0.60 0.17
CT 2 7.85 0.68 0.33
CT+ours 1 14.21 0.63 0.20
CT+ours 2 7.13 0.70 0.33
LSUN Cat 256 x 256

CT 20.7 0.56 0.23

1
CT 2 11.7 0.63 0.36

18.67 0.58 0.26
10.39 0.65 0.37

CT+ours 1
CT+ours 2

et al., 2025). We conduct experiments on CIFAR-10 and
ImageNet 256 x 256 with FMM models, and on LSUN Bed-
room/Cat 256 x 256 with consistency models, which can
be interpreted as a variant of FMM. Inference is performed
using the original samplers of each baseline, resulting in no

Models FID|, NFE| [Iter. Batch #Params
TiM-XL/2 7.11 1 750k 512 664M
TiM-XL/2 6.14 2 750k 512 664M
TiM-XL/2 3.61 4 750k 512 664M
TiM-XL/2 2.62 8 750k 512 664M
“+ours 687 1 435k 512 664M
+ours 5.93 2 +35k 512 664M
+ours 3.42 4 +35k 512 664M
+ours 2.39 8 +35k 512 664M
a-Flow-XL/2 2.95 1 1200k 256 676M
a-Flow-XL/2 2.16 2 1200k 256 676M
Ctours 281 1  +50k 256 676M
+ours 2.09 2 +50k 256 676M
+ours 2.06 4 +50k 256 676M
+ours 2.05 8 +50k 256 676M
a-Flow-XL/2+ 2.58 1 1275k 1024 676M
a-Flow-XL/2+ 1.95 2 1275k 1024 676M
“+ours 248 1 +50k 1024 676M
+ours 1.90 2 +50k 1024 676M
+ours 1.89 4 +50k 1024 676M
+ours 1.88 8 +50k 1024 676M

additional sampling overhead. More details are provided in
Table 5, and qualitative samples are shown in Figure 4.

Performance Evaluation. We evaluate our framework in
two regimes. (i) Plug-in refinement: we fine-tune strong
FMM baselines to improve fast sampling with modest addi-
tional compute. Tables 3 and 4 show consistent gains across
diverse baselines with only 30k—50k extra iterations and no
changes to the sampling procedure. On class-conditional
ImageNet 256 x 256 (Table 3), we improve FID for several
competitive FMM variants (e.g., Shortcut, MeanFlow, TiM,
and a-Flow). On LSUN Bedroom/Cat (Table 4), fine-tuning
consistency models improves FID as well as Precision and
Recall. (ii) From-scratch training: we train FMM back-
bones from random initialization to validate the objective
as a standalone paradigm, and also consider consistency
models as a special case of FMM that maps an intermedi-
ate state directly to the endpoint. On CIFAR-10 (Table 2),
MeanFlow achieves better one-step generation than the orig-
inal objective, and similar improvements hold on ImageNet
256 x 256 (Table 1) across model sizes and NFEs, with gains
increasing under longer training and multi-step sampling.

Ablation Studies. We conduct comprehensive ablation stud-
ies to validate the design choices of our framework using
MeanFlow-B/2 provided by a-Flow (Zhang et al., 2025).
Specifically, we ablate the weight A, the stop-gradient set-
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(a) Hyper-parameter A (b) Stop-gradient Setting (c) DINOv2 Variants (d) Batch Size
6.051 — A=10 6.051 — wj/o stop-grad 6.051 — piNOv2-B 6.051 — bs=256
A=15 partial stop-grad V DINOv2-L bs=512
6.00{ — A=2.0 6.00{ — full stop-grad 6.00{ —— DINOv2-g 6.001 — ps=1024
w 5.95 -
w 4 4
L5.95 5.95 5.95
@ 5.90 4
35.90 4 5.90 5.90
£ 5.85
55.85 g 5.85 5.85 5 80
8 .
. e —
5.80 5.80 5.80 5.75 1
5751 - - - - — 5751 - - - - — 5751 - - - - — 5701 - - - - -
200 25 30 35 40 45 200 25 30 35 40 45 20 25 30 35 40 45 20 25 30 35 40 45

Fine-tuning Iterations (k)

Figure 2. Ablation Studies on Various Fine-tuning Techniques. To conduct ablations, we use MeanFlow-B/2 as the backbone, with
a batch size of 256 for all settings except (d). (a) We vary the weight )\ and find that A\ = 1.0 performs best; we therefore use it in all
experiments. (b) Our default setting allows gradients to propagate through both 0 — r and » — ¢ (w/o stop-grad). We additionally test
partial stop-grad, which blocks gradients on » — t only, and full stop-grad, which blocks gradients on both transitions. (c) We compare
different DINOV2 variants as the feature encoder and observe similar performance across all choices; thus, we adopt DINOv2-L for the
remaining experiments. (d) We further test larger batch sizes and find that batch sizes of 512 and 1024 yield comparable improvements.

Ablations on the Contrastive Objective

6.05 1

6.00

5.95

5.90 1

1-NFE FIDs

5.851

—#— MeanFlow-B/2(w/o contrastive objective)
-~ MeanFlow-B/2+Ours(w/ contrastive objective)

300 310 320 330

Training Iterations

340 350

Figure 3. Ablations on the Contrastive Objective. Starting from
the same pre-trained MeanFlow-B/2 checkpoint (300k iterations),
we fine-tune MeanFlow-B/2 without the contrastive objective and
with our contrastive objective, and report 1-NFE FIDs|.

ting, different DINOv2 variants (DINOv2-B, DINOv2-L,
and DINOVv2-g), as well as the training iterations and batch
size. As shown in Figure 2, our framework achieves the
best performance with A = 1.0 and without stop-gradient,
and is relatively insensitive to the choice of DINOv?2 variant.
More ablation results are provided in Figure 3 and Table 6.

6. Conclusion

In this work, we propose an efficient training framework for
FMMs that aligns optimization with model-induced flow
maps to reduce the gap between training and inference. Mo-
tivated by a joint-KL decomposition, we interpret this gap as
arising from intermediate marginal mismatch and endpoint
conditional inconsistency, which leads to two practical sur-
rogate objectives: average-velocity regression for improving
transport consistency and a sampling-aligned InfoNCE loss
for encouraging representation-level endpoint consistency.
Experiments on CIFAR-10, ImageNet, and LSUN across
multiple FMM baselines and consistency models show con-

sistent gains under one- and few-step sampling, with modest
training cost and no inference-time overhead.

Limitations and Future Work. Our analysis should be
interpreted as a decomposition-guided surrogate framework
rather than a direct optimization of the original likelihood-
free KL objective. Although Theorem 3.1 decomposes the
terminal modeling gap into marginal and conditional compo-
nents, these terms remain intractable for flow-map sampling.
Thus, average-velocity matching and InfoNCE are used as
practical surrogates for intermediate transport consistency
and representation-level endpoint consistency. Further iso-
lating the role of contrastive discrimination from feature su-
pervision and establishing tighter links to the model-induced
conditional KL remain important directions for future work,
which we plan to investigate in subsequent studies.
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A. Related Works

Diffusion and Flow-based Models. Recent advances in Diffusion models (Song & Ermon, 2019; Ho et al., 2020; Song
et al., 2021; Karras et al., 2022) have established them as a dominant framework for generative modeling in vision domain.
These models operate by progressively corrupting clean data with noise and learning to approximate the associated reverse
process. The sampling process involves solving a stochastic differential equation (SDE) (Song et al., 2021; Karras et al.,
2022), which is typically approximated by numerical solvers (Song et al., 2020; Lu et al., 2022; Zhang & Chen, 2023; Zhao
et al., 2023; Tong et al., 2025) in practice. Flow matching (Lipman et al., 2023) further extends this framework by adopting
flow-based parameterization, which models a velocity field that flows from gaussian noise to the target distribution. While
both diffusion and flow-based models have demonstrated remarkable performance across diverse generative tasks, their
iterative sampling procedure leads to slow inference and computational inefficiency, which remains a major bottleneck for
practical applications.

Fastforward Generative Models. Various attempts have been made to reduce the number of sampling steps of the diffusion
and flow-based models. One line of this work is Consistency Models (Song et al., 2023; Lu & Song, 2025; Geng et al.,
2025c¢), which enforce self-consistency to map any point at any time to the same initial point of the sampling trajectory.
Either distilled from pre-trained diffusion models or trained from scratch, consistency models facilitate single-step sampling
while also supporting multi-step sampling for quality-efficiency trade-offs. More recently, Flow Map models (Sabour et al.,
2025; Geng et al., 2025a; Zhang et al., 2025; Wang et al., 2025a) have emerged as a promising approach for generative
modeling. These models generalize existing consistency and flow matching objectives by enabling direct transitions between
arbitrary time steps. A notable property of flow map models, in contrast to diffusion or flow-based models, is that they
do not introduce discritization error during sampling, thereby achieving concrete fidelity improvements both on few- and
many-step regimes.

Representation Learning. With the rapid progress of diffusion and flow-based models, recent works have investigated
enhancing the representations learned during diffusion training. The pioneering work REPA (Yu et al., 2025) exploits a
powerful pre-trained visual encoder (Oquab et al., 2024) to regularize diffusion models toward learning better representations,
resulting in significant performance boost and faster training convergence. Subsequent works (Chen et al., 2025a; Leng et al.,
2025; Lee et al., 2025a; Wang et al., 2025b; Tian et al., 2025; Wu et al., 2025a) explored improved scheduling, architectural
adaptations, and joint training of the representation space under the REPA framework. Without relying on external encoders,
(Wang & He, 2025) introduced Dispersive loss to encourage the dispersion of internal representations in the feature space,
and demonstrated that contrastive-loss-like objective can benefit generative modeling.

B. Theoretical Proofs.

In this section, we investigate how classifier-free guidance (CFG) integrates into our framework and present the corresponding
theoretical derivations. Moreover, we also provide a detailed theoretical analysis of the main results to further improve the
rigor and clarity of the paper.

B.1. Incorporating Classifier-free Guidance.

We extend our framework to class-conditional generation using CFG training mechanism. Given a labeled sample (z, ¢)
and noise e ~ Pprior, WE construct z; = (1 —t)z + te. At inference time, CFG forms a guided average-velocity field by
combining the conditional and unconditional predictions:

ug®(ze,rt | ) & (L4 ug(zrt | €) = yug(z,rit | 2), 720,

which induces the guided one-step transport map ®p* ¢ (2 | ¢) = 2 — (t — ) u;fg(zt, r,t | ¢;). For the value of 7, we
follow the default setting used in the baselines to ensure a fair comparison. This is because our framework is designed to

further improve modeling performance via the contrastive objective, rather than to tune or validate the choice of .

To align conditional sampling with ground-truth targets, we construct the sampling-aligned positive pair using the CFG-
induced trajectory. Specifically, given (z, ¢) and e ~ ppyior, We first sample ¢ and r < ¢, compute 2, = (1 — t)x + te, and
apply the guided transport maps:

G=0plz]e), =055 (5 | o).

We then form a positive pair (&, z) and optimize an InfoNCE-style objective using negatives {:c;}f(:l sampled from other

13



Contrastive Flow Map Matching

data points:
exp (T(:i: x))
exp (T(#,2)) + 31, exp (T(#,27))

i

'CCNf%)E( ) —E|log

where T'(Z, ) is a feature-space critic (e.g., cosine similarity under DINO features). Finally, our conditional fine-tuning

objective is

average

min L35,(0) £ Lo (0) + A LYER(O).

B.2. Proof of Theorem 3.1.
Proof. We provide a detailed derivation of the claimed upper bound and KL decomposition.

Notation. Let 2 ~ pqata(2) and e ~ N(0, I) be independent, and define

zr = (1 —=r)z+re.

This construction induces a joint distribution p(x, z,-) with marginal p(z,.) and conditional p(z | z,). Similarly, the flow-map
model induces a joint distribution over the clean output and intermediate state, denoted by q¢(Z, 2,-), with marginal gp ()

and g¢(Z,), and conditional g¢(% | 2,.).

Step 1: Prove the upper bound.

Dk (Paaia(?) [ 0(2)) < Dxr(p(2; 2r) [l 90(%, 2r))-

©))

This is a standard property that KL divergence cannot increase under marginalization. We prove it explicitly using the chain

rule of KL. First, apply the KL chain rule to the joint distributions by conditioning on z:

. [ p(x, 2)
D —F log A 2r)
U000 20) [ 00(8,37)) = By, [log A2
[ pl@)p(z | x) }
=E T, 2y log —F——F71—~
pie) |98 05(3) g0 (3r | 2)
[ p(m)} [ p(zr | w)]
=E % log—=~| +E T, %, log ———~1| .
p(T,27r) | gqe(x) p(z,2,) gQQ(Zr | x)

The first term depends only on x, so

Byt 108 20 | = By 108 2] — Dics ) | (2.

The second term is a conditional KL averaged over p(x):

Epa,z) {log M} = Ep) {Ewrw) {k’g qe((; ||J;c))”

=Ep@) [Dxe(p(zr | 2) [ g0(20 | 2))] 2

Combining (10)—(12) gives

Dxr(p(x, 2,) | go (&, 2)) = DkL(Paata(2) || ¢o(2)) + Epey [Dkr (p(zr | 2) | g0 (2 | 2))],

and since the second term is nonnegative, we obtain the desired upper bound (9).

Step 2: Decompose the joint KL by the intermediate variable z,.. We now derive the decomposition

Dxv(p(w, 2) [l 46(&, 2r)) = Dxv(p(zr) | a9 (2r)) + Bz, [Dxcr (p(a | 20) [l g0 (@ | 2))] -
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Starting from the definition,

- [ px,2)
Dxw(p(z, 2r) [ g0(2, 2)) = Ep(z,z,) _log (M}
[ p(zr)p(z | 20)
= EP(I,ZT) Y

q@(ér) %(56 | ér)

p(zr) } [ p(z | 2r) ]
=K,z (108 =5 | + Bz |log —F—75 | - (15)
p(z,2r) RES p(z,2r) MCIES
The first term depends only on z,., hence
p(zr) ] |: p(2r) :| 5
Epz.2 |lo ~ =E,., |lo — =D Zp Zr)). (16)
CICEN [ & oy | = e o8 Ly ke (p(zr) [ 90(2r))
For the second term, take expectation over p(x | z,.) inside:
p(wzr)} { { p(xlzr)H
E T2 logf =K Zr E x|z, lng
e >[ ao (@[ 2) ]~ PO [ TR (2 )
=Epez,) [Dxe(p(@ | 2) [ go(2 | 2))] - (17)
Substituting (16) and (17) into (15) yields (14).
Conclusion. Finally, combining Step 1 and Step 2, we obtain
Dk (paata(z) || g6(2)) < Dxr(p(x, 20) || g0 (2, 1))
= DkL(p(zr) || g0(%:)) + Ep(opy [Dxr (p(a | 20) | 90(2 | 20))] (18)
which completes the proof. O

B.3. Proof of Lemma 4.1.

Remark B.1 (Connection to Gaussian MLE and extensions beyond isotropic variance). Lemma 4.1 is a direct consequence
of the fact that, under a Gaussian likelihood with fixed variance, maximizing the conditional log-likelihood is equivalent to
minimizing a squared error.

Gaussian maximum likelihood view. Fix z; and consider the conditional model gg (2, | z¢) = N (2,; po (24,7, ), 021). Up
to an additive constant independent of 6, the negative log-likelihood is

1
—logqo(zr | z¢) = @H«Zr — pg(ze, 1 V)|I° + ¢, (19)

so minimizing —E,(., |.,)[log go (2, | 2¢)] (equivalently, minimizing the conditional KL) reduces to least squares regression
of z, onto pg(z¢, 7, ).

Diagonal covariance (anisotropic but factorized). Suppose instead the model takes a diagonal Gaussian form
Go(r | 20) = N2 o (21,7, ), ding (07 (1. 7.1)) ) (20)

where o¢(2¢,7,t) € Rio may be predicted by the model. Then the negative log-likelihood becomes

d
1 (Zr,i - Me,i(zt7r7 t))2
_Iqua(ert):QiZ;( Uﬁi(Zt,T,t)

+ log ag_’i(zt, T, t)) +d, 21

where ¢ = % log(27) is constant. Consequently, minimizing the KL objective is equivalent to minimizing a variance-
weighted regression loss with an additional log 03 ; regularization term:

d (ZTi*,u’@i(Zf/arat))Z 2
Epiepen) [ D | 7 +logof ;(z,7m,1) | | - (22)

— og i(2t,7,t)
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In particular, if og ; is treated as fixed (not learned), the objective reduces to a weighted MSE.

Full covariance (general Gaussian). More generally, consider a Gaussian with full covariance
qG(Z'r ‘ Zt) :N(ZM/JG(ZmTa t)azﬂ(ztvrv t)) ’ 29 = 0. (23)

Its negative log-likelihood is

1 _ 1 d
—logqe(zy | 2¢) = i(zr — o) "S5 (2 — o) + 5 logdet Xy + B log(27). (24)
Thus, the KL minimization objective becomes
Ep(zt,z,«) [(ZT' — Mo (Zt7 T t))Tze_l (27‘ - N@(zta Ty t)) + IOg det ¥ (Zt7 T, t)] (+COHSt), (25)

which corresponds to minimizing a Mahalanobis regression term plus a log-determinant penalty.

Interpretation. The isotropic assumption Y = o027 yields the simplest form, where KL minimization is exactly least
squares (up to positive scaling and #-independent constants). Allowing non-isotropic or learnable covariance makes the
objective heteroscedastic and introduces additional terms that control the predicted uncertainty.

B.4. Proof of Proposition 4.2.

Proof. We provide a detailed derivation showing that the intermediate marginal mismatch Dxr,(p(2;) || go(2,)) can be
upper bounded by a transition-level discrepancy, which further reduces to the mean squared average-velocity error under the
Gaussian transition model.

Step 1: From marginal KL to transition-level conditional KL. Let

(2, 20) = p(20)p(2r | 2¢) (26)
denote the ground-truth joint transition distribution induced by the bridge construction. We define the model-induced joint

transition distribution as
A

o (21, 2r) = p(2e)q0 (20 | 1), 27)

where the two joint distributions share the same marginal p(z;) and differ only in the transition from z; to the intermediate
state.

By the data-processing property of KL divergence, marginalizing out z; cannot increase the KL divergence. Therefore,

Dxr(p(zr) [ 40(2,)) < Drr(p(2t, 2r) [ g0 (215 2r)) - (28)

Using the factorization of the two joint distributions, we have

Dxu(p(z1,20) || 021, 2))

p(zt, 2r) }
=E,, ) |log ——=
p(2t,2r) i gqe(zhzr)
[ p(ze)p(2r | 2t) }
=E log ————~
p(2t,2r) | p(Zt)qa(Zr | Zt)
p(2r | 2t) }
=E, ) |log ———=
Pleoz) | gfle(zr | 2t)
=Epz) [Dxu(p(zr | 20) | a0 (2 | 20))]- (29)

Here, gy(z, | 2¢) denotes the density of the model-induced transition distribution evaluated at the same intermediate-state
value z,; equivalently, it is the density associated with the random variable 2, conditioned on z;.

Combining Eq. (28) and Eq. (29) gives
Dxv(p(zr) [ @0(2)) < Ep(zy) [Dxe(p(zr | 2¢) a0 (30 | 20))] - (30)
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Step 2: Convert the conditional KL into a squared transition error. Under the Gaussian transition assumption,
qe(ér ‘ Zt):N(ér;uQ(ztarat)ao—?"I)a or > 0.
For fixed z;, expanding the conditional KL gives

Dxv(p(zr | 2¢) | go(2 | 2¢))
=Ep(z, 120 log p(zr | 20) —log go(2 | 24)] -

Since

_IOg(M(ZT | Zt) = Hzr - IUG(Ztvrv t)||2 + ¢,

202
where ¢; is independent of 8, we obtain

Dxr(p(zr | 2) [ g0 (2 | 21))

1 2
= 5Byt (120 = 10 (am DIP] + e(z0),

where ¢(z;) collects terms independent of . Taking expectation over p(z;) yields

Ep(z) [Dxu(p(zr | 22) | g0 (2 | 20))]
1

2
= 55 B [l2r = o DI + o,

where ¢ is independent of 6.

Step 3: Substitute the average-velocity parameterization. By assumption, the ground-truth transition from ¢ to r is

zr =2zt — (t — r)ulze, 7, t),
and the model-induced transition mean is

wo(ze, 7, t) = z¢ — (t — r)ug(ze, 1, t).

€1y

(32)

(33)

(34)

(35)

(36)

(37)

Here, pg(z¢, 7, t) denotes the state-level transition mean induced by the FMM, whereas wug(z, r,t) denotes the predicted

average velocity. Therefore,

Zr — ﬂ@(zt?r? t) = (Zt - (t - r)u(zt,r, t)) - (Zt - (t - T)UG(Z;:,T, t))
= (t— T)(ue(zt, r,t) — u(zt, nt)).

Consequently, ) )
20 — o (2, )1° = (¢ = 1) [lug (20,7, 8) — uze, m O -
Substituting Eq. (39) into Eq. (35) gives
Epee) [Dru(p(2r | 2¢) [ o(% | 20))]
(t—r)? 2
= B [0 (e, ) = uCat DI + co.
Step 4: Conclude the bound. Combining Eq. (30) and Eq. (40), we obtain
DKL(p(Zr) ” q0(2r))
S Epz) [Dxu(pzr | 2) a0 (Zr | 2¢))]
(t—r)? 2
— TZ)EP(%ZT) [Hue(zt,r, t) — u(ze, 7, )7 | + co.

Setting ¢ £ ¢y completes the proof.
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B.5. Proof of Lemma 4.3.
Proof. We provide a detailed derivation of the stated decomposition.

Recall the definition of ¢, (= | Z). By Eq. (7), the conditional distribution is defined via an energy-based (softmax) form:

&) = pdata(x) €xXp (T#,(i’, l‘))

Q¢($ ‘ ) - Zlb(:%) ’ Zib(i‘) = Epdata(l) [exp (T¢(£7 1“))} . (42)
Equivalently, taking the logarithm yields Eq. (8):
log gy (2 | &) = log pdata(x) + Ty (&, ) —log Zy(&). 43)

Step 1: Expand the conditional KL divergence pointwise in z,.. For a fixed z,., by the definition of KL divergence,

p(x | z) }

qu( | 2)

= Ep(m|zr)[logp(x ‘ Zr)} - Ep(.t\zr)[log %/1(1' | ‘%)] . (44)

Dy (p(z | 20) | qu (2 | ) = Epayz,) {10g

Step 2: Substitute the log-form of ¢,, and regroup terms. Substitute (43) into (44):
Dxw(p(e | 20) [l qy( | 2)) = Epepzpllogp(a | 20)] = Epals,) 108 Paata() + Ty (@, 2) — log Zy(2)]
= Ep(o)z) [logp(x | 2;) —10g paata ()] — Epaz,) [Ty (2, )] + Ep(g)2, [log Zy (2)] . (45)
Now observe that the first expectation in (45) is exactly a KL divergence:
Ep(a|z [log p(z | 2) =108 paata ()] = Dkr (p(% | 2r) || Paata (), (46)

which is independent of .

Therefore (45) becomes
Dxr(p(z | 20) [ gg(x | 2)) = Dxr(p(@ | 2) | Paata(®)) + Ep(alz,) [ Ty (2, 2) + log Zy (2)] - (47)
Step 3: Take expectation over p(z,.) and simplify into a joint expectation. Taking expectation over z, ~ p(z,.) on both
sides of (47) yields
EP(ZT) [DKL (p(;v ‘ ZT) ” qlll(x | ‘%))] = ]Ep(zr) [DKL (P(»T | Zr) ”pdata(x))]
+ Bz, [Epalz,) [= Ty (@, 2) + log Zy(2)] (48)
The nested expectation in the second term is equivalent to a joint expectation under p(z,, x) = p(z,.) p(x | 2,):

IEp(zr) [Ep(ﬂzr) [_ Tw(‘%v {L‘) + log Zw(f)]] = Ep(zr,m) [_ Tﬂf (i‘7 ‘T) + log Zw((.%)] . (49)

Define the constant
C £ Ep(.,) [Dxr(p(z | 2,) || Paata(@))] (50)

which is independent of 1 since it does not involve Ty, nor Z,.

Combining (48)—(50) gives
Epy [Dxe(p(e | 20) [ qu(@ | £))] = Epz, 2y [= Ty (&, ) + log Zy (&) + C, (51
which matches the statement of the lemma. O
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B.6. Proof of Proposition 4.4.

Proof. We start from Lemma 4.3, which rewrites the conditional mismatch as

Ep) [Dxr(p(@ | 2) gy (x| )] = Epe, o) [Ty (2, ) + log Zy(2)] + C, (52)
where
Zp(%) £ Earmpyara () [exp (T (#,2)) ] (53)
and the constant
C 2By, [Dxr(p(z | z)[Pdata())] (54)

is independent of . Therefore, to upper bound the left-hand side, it suffices to upper bound the log-normalizer term
log Z ().

Monte-Carlo estimator of the normalizer. Let {x; } X, be i.i.d. negatives sampled from pqat (7). We define the empirical
normalizer

K
Zy(2) £ % >_exp (Ty(@,27)). (55)
i=1
For a fixed Z, introduce random variables
Yi(&) £ exp (Ty(2,z;)), i=1,...,K. (56)
Then {Y;(#)}X | are i.i.d. and satisfy
1 & N
E[Y;(2) | #] = Zy(2), }Z}Q(i):Zw(:i:). (57)
i=1

A high-probability upper bound on Z,,(Z). By assumption, the critic output satisfies exp(Ty (%, x)) € [0, B] for some
B > 0. Hence for each fixed & we have Y;(&) € [0, B] almost surely. Hoeffding’s inequality applied to the bounded i.i.d.
variables {Y;(Z)} yields that for any € > 0,

. 5 s N 2K é?
]P’(le(x) — Zy(2) > € x) < exp (— 22 ) . (58)
Setting the right-hand side to ¢ gives
log(1/9)
A
€k =B Y (59)

and therefore, with probability at least 1 — § over the random draw of {z; }X | (conditioned on %),

Zy(&) < Zy() + excs. (60)

From an upper bound on Z, (%) to an upper bound on log Z,,(Z). On the event (60), and whenever Zp(i”) > 0, we can
take logarithms:

log Zy (&) < log (Zw(i) + 6K,5>

=logZ (az)+1og<1+ Kb ) (61)
Y Zy(2)

The second equality uses the elementary identity log(a + b) = log a + log(1 + b/a) for a > 0.
Substitution into the conditional KL decomposition. Substituting (61) into (52) yields that, with probability at least 1 — 4,

IEIJ(ZT)[DKL(p(Qj ‘ Zr)||qzu($ | j))] < Ep(zr,x) {_Tw (:&m) + log Zp(@)} +Ags+C, (62)
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where we define the slack term

€K,5
AK75 =) (2r,x) [log (1 + = )] . (63)
’ Zy (&)

At this point, the only remaining task is to identify the first expectation term in (62) with an InfoNCE-style objective.

Recovering the InfoNCE form and the appearance of — log K. By definition of Zl} (Z) in (55),
1 X
log Z(#) = log (K ; exp(Ty (2, xf)))

K
= log (Z exp(Ty(Z, x;))) —log K. (64)

i=1

This identity is exactly where the — log K term originates: it is purely due to writing the log of an average as the log of a
sum plus an additive — log K.

Using (64), we define the InfoNCE-style loss (population form)

ACNCE £ Ep(zT ,x)

—Ty (%, ) + log (Z exp(TMﬁ:,x”))] , (65)

i=1
which implies the exact relation

Ep(zr,x) {7T¢ (ii’, JS‘) + log Z\w (i):| = Lnce — log K. (66)
Substituting (66) into (62) establishes the desired bound:

]Ep(z,,\)[DKL(p(Z ‘ z,,)||qq/,(x | :f?))] < LncE — lOgK + AK,(S + C. (67)

Behavior of the slack term as K — co. From (59), we have ex 5 = O(K~1/2) — 0 as K — oc. If Z,(&) is bounded
away from 0 with high probability, i.e., there exists > 0 such that Z,,(£) > n holds with high probability, then

0<log|1+ =K% | < 1og(1+6“> 0, 68)
Zw (I) n
and hence A g s — 0 by dominated convergence (or by the squeeze argument above). This completes the proof. O

C. More Experiment Results.

In this section, we provide additional experimental results, including the main training configurations, further ablation
studies, and qualitative visualizations.

Training Configurations. We summarize the training configurations of DiT-B/2, DiT-XL/2, and DiT-XL/2+ on ImageNet
(256x256), including both model architectures and optimization hyperparameters (Table 5). We use DiT-B/2 as the default
backbone for ablations and main-text analysis, and vary the number of training steps and batch size to study their effects
on fine-tuning behavior. Across all settings, we adopt a unified optimization setup with Adam, a constant learning rate of
(1 x 10~%), zero dropout and weight decay, EMA half-life 6931, gradient clipping norm 16, and the same autoencoder
(sd-vae-ft-ema).

More Ablation Studies. Beyond the ablations on training techniques reported in the main experiments, we further investigate
how the choice of loss metric affects the sampling-aligned objective. In our framework, each model prediction Z is paired
with a corresponding ground-truth target =, which allows the objective to be instantiated not only by the proposed contrastive
loss, but also by a wide range of alternative regression-based metrics. To this end, we replace the InfoNCE objective with
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Table 5. Configurations on ImageNet 256 x 256. DiT-B/2 serves as the backbone for our ablation and analysis in the main text.
Moreover, we vary the training steps and batch size across different experiments.

Configurations DiT-B/2 DiT-XL/2 DiT-XL/2+
Network Architectures

Params (M) 131 676 676
Original FLOPs (G) 23.1 119.0 119.0
Fine-tuning FLOPs (G) 34.2 141.5 141.5
Depth 12 28 28
Hidden dim 768 1152 1152
Heads 12 16 16
Patch size 2 %2 2x2 2x2
Training hyperparameters

Pre-trained epochs (batch size) 240 (256) 240 (256) 240(256)+60(1024)
Fine-tuning steps (batch size) 35(256), 40(512), 40(1024) 30(256), 50(256) 50(1024)
Training from scratch steps (batch size) 300(256), 400(256) 300(256), 400(256) -
Dropout 0.0 0.0 0.0
Optimizer Adam

Ir schedule constant

Ir 0.0001

Adam (51, 82) (0.9, 0.95)

Weight decay 0.0

EMA half-life 6931

Gradient clipping norm 16

Autoencoder used sd-vae-ft-ema

Figure 4. ImageNet-256 x 256 Samples Generated by MeanFlow-B/2 and Improved by Our Framework.

several commonly used distance measures, including the L; norm, Ly, norm, LPIPS, and the Pseudo-Huber loss, while
keeping all other training configurations unchanged. Additionally, we also report stronger baselines trained with more
iterations and larger batch sizes but without the sampling-aligned objective, in order to ensure that the observed improvement
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Table 6. Ablations on Fine-Tuning MeanFlow-B/2 on ImageNet 256 x 256 with Different Metric Functions. To comprehensively
analyze the performance of using contrastive loss, we employ various loss functions to replace it and maintain other training settings as
default. As shown above, our framework is effectiveness due to using contrastive objective.

Models NFEs=1 NFEs=2 Iteration Batch Size #Params
MeanFlow-B/2 6.04 5.17 300k 256 131M
“wlo extraloss 605 518 435k 256  131IM
w/o extra loss 6.02 5.16 +40k 512 131M
w/o extra loss 6.01 5.15 +40k 1024 131M
“tours(w/ Ly norm) 653 605 435k 256  13IM
+ours(w/ L; norm) 6.59 6.16 +40k 512 131M
+ours(w/ L1 norm) 6.64 6.29 +40k 1024 131M
“t+ours(w/ Lonorm) 711 615 #35k 256  13IM
+ours(w/ Lo norm) 7.34 6.37 +40k 512 131M
+ours(w/ Ls norm) 7.50 6.64 +40k 1024 131M
“tours(w/ LPIPS) 638 535 435k 256  131IM
+ours(w/ LPIPS) 6.37 5.33 +40k 512 131M
+ours(w/ LPIPS) 6.37 5.37 +40k 1024 131M
“t+ours(w/ Pseudo-Huber) 623~ 524 435k 256  13IM
+ours(w/ Pseudo-Huber) 6.25 5.20 +40k 512 131M
+ours(w/ Pseudo-Huber) 6.19 5.19 +40k 1024 131M
“tours(w/InfoNCE) 576 505  +35%k 256  13IM
+ours(w/ InfoNCE) 5.71 5.00 +40k 512 131M
+ours(w/ InfoNCE) 5.71 5.02 +40k 1024 131M

does not simply come from longer fine-tuning.

As summarized in Table 6, simply extending training without the additional objective yields only marginal gains (e.g.,
6.04/5.17 — 6.01/5.15 for NFEs = 1/2), suggesting that longer optimization alone cannot overcome the bottleneck.
Replacing the contrastive objective with regression-style metrics leads to limited improvement or even degradation: L1/Lo
consistently worsen performance, while LPIPS and Pseudo-Huber are more stable but still remain inferior to InfoNCE. In
contrast, our InfoNCE objective achieves the best results across all settings, improving MeanFlow-B/2 to 5.76/5.05 with
only +35k iterations and further reaching 5.71/5.00 with larger batch sizes and additional training. Overall, these results
confirm that the improvements primarily stem from the sampling-aligned contrastive objective, rather than increased training
budget or the particular choice of regression metric.

We attribute this behavior to the fact that the pre-trained FMM may fail to denoise certain intermediate states 2, into
semantically meaningful outputs z, especially when r is far from the endpoint 0. In such cases, the regression loss between
2 and x can become excessively large and noisy, providing poor learning signals and potentially destabilizing training.
In contrast, the contrastive objective offers more robust supervision in representation space, making it better suited for
correcting sampling-induced errors.

Qualitative Visualizations. We provide additional qualitative results on ImageNet-256 x 256 to further demonstrate the
effectiveness of our framework. As shown in Figure 4, our method consistently improves perceptual quality and semantic
fidelity with limited sampling budgets, yielding sharper structures and more coherent object details without modifying the
inference procedure or increasing the number of sampling steps. These results complement our quantitative evaluations and
highlight the practical benefits of our framework for low-NFE generation.
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