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Abstract

MeanFlow promises high-quality generative modeling in
few steps, by jointly learning instantaneous and average
velocity fields. Yet, the underlying training dynamics re-
main unclear. We analyze the interaction between the two
velocities and find: (i) well-established instantaneous ve-
locity is a prerequisite for learning average velocity; (ii)
learning of instantaneous velocity benefits from average ve-
locity when the temporal gap is small, but degrades as the
gap increases; and (iii) task-affinity analysis indicates that
smooth learning of large-gap average velocities, essential
for one-step generation, depends on the prior formation of
accurate instantaneous and small-gap average velocities.
Guided by these observations, we design an effective train-
ing scheme that accelerates the formation of instantaneous
velocity, then shifts emphasis from short- to long-interval
average velocity. Our enhanced MeanFlow training yields
Jaster convergence and significantly better few-step genera-
tion: With the same DiT-XL backbone, our method reaches
an impressive FID of 2.87 on 1-NFE ImageNet 256 <256,
compared to 3.43 for the conventional MeanFlow base-
line. Alternatively, our method matches the performance
of the MeanFlow baseline with 2.5x shorter training time,
or with a smaller DiT-L backbone. Our code is available at
https://github.com/seahl0119/ImprovedMeanklow.

1. Introduction

Diffusion models [28, 61, 64] and Flow Matching [2, 39,
40] have achieved state-of-the-art results across image [4,
48, 75], video [1, 17, 70], and 3D generation [21, 22].
However, it remains a persistent weakness that the de-
noising relies on many, small iteration steps, making sam-
pling computationally expensive [25]. Higher-order sam-
plers [13, 32, 43, 44, 54, 62, 80] partially alleviate this,
though achieving high fidelity with fewer than 10 steps re-
mains a challenge. Consequently, recent work has focused
on models that enable inference in a few steps, or even a
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Figure 1. Our novel, enhanced training strategy reaches the per-
formance of MeanFlow-XL in ~2.5x fewer training epochs, and
converges to a final model with superior performance (~16%
lower FID).

single step.

Early approaches distill few-step generative models from
pretrained multi-step diffusion models, using direct [45,
56, 81], adversarial [59, 60, 76], or score-based supervi-
sion [47, 77, 86]. The two-stage design increases complex-
ity, requires two distinct training processes, and often de-
pends on large-scale synthetic data generation [40, 45], or
on propagation through teacher—student cascades [49, 56].

Consistency models [66] represent a step towards one-
time, end-to-end training, by enforcing consistent outputs
for all samples drawn along the same denoising trajectory.
Despite various improvements [19, 26, 34,42, 63,71,72],a
substantial performance gap remains between few-step con-
sistency models and multi-step diffusion models. More re-
cent research [0, 7, 16, 34, 55, 74, 85] has proposed to char-
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acterize diffusion/flow quantities along two distinct time in-
dices. Among these attempts, MeanFlow [18] stands out as
a stable end-to-end training scheme that markedly narrows
the gap between one-step and multi-step generation.

The key to MeanFlow’s success is the idea of exploiting
the intrinsic relationship between the instantaneous velocity
(at a single time point) and the average velocity (integrated
over a time interval), such that a single network learns both
simultaneously. However, MeanFlow training is computa-
tionally expensive, and has only been analyzed rather super-
ficially. In particular, it remains poorly understood how the
two coupled velocity fields interact during learning and how
their interplay can be coordinated to achieve high-quality
one-step generation.

Here, we investigate these learning dynamics and de-
velop a training strategy that greatly improves both gen-
eration quality and efficiency. Through controlled experi-
ments, we determine that: (i) instantaneous velocity must
be established early in the training process, because it pro-
vides the foundation for learning average velocity: if in-
stantaneous velocities are poorly formed or corrupted, then
learning average velocities fails altogether; (ii) in the oppo-
site direction, the time interval over which average veloci-
ties are computed (the “temporal gap”) critically determines
how they impact the learning of instantaneous velocities:
small gaps facilitate instantaneous velocity formation and
refinement, while large gaps destabilize it; (iii) task affinity
analysis reveals that one should initially focus on small-gap
average velocities, which lay the foundation for learning the
large-gap average velocities that are required for one-step
generation.

Standard MeanFlow training ignores these subtle, but
impactful dynamics. Throughout the training process, it ap-
plies the same, fixed loss function and sampling scheme,
disregarding the complex dependencies between the two ve-
locity fields. This naive training objective interferes with
the early formation of reasonable instantaneous velocities,
which in turn delays the learning of average velocities. Ul-
timately, the current training practice significantly degrades
overall performance compared to what would be achievable
with a given model and dataset, and also slows down the
training.

To remedy these issues, we propose a simple yet effec-
tive extension of MeanFlow training. To quickly estab-
lish reasonable instantaneous velocities, we adopt accelera-
tion techniques from diffusion training [10, 20, 25, 35, 73].
To support the learning of correct average velocities, we
design a progressive weighting scheme. In early training
stages, the weighting prioritizes small gaps, which rein-
forces instantaneous velocity formation and prepares the
ground for large-gap learning. As training progresses, the
weighting gradually transitions to equal weighting across
all gap lengths, ensuring accurate average velocities over

large gaps, which are the vital ingredient for few-step infer-
ence.

Empirically, the enhanced training protocol substantially
improves the generation results and also accelerates conver-
gence. On the standard 1-NFE ImageNet [11] 256 x 256
benchmark, we improve the FID of MeanFlow-XL from
FID 3.43 to 2.87, see Fig. 1. To reach the performance of
conventional training, our improved training scheme needs
2.5x fewer iterations. Remarkably, it is even capable of
matching that same performance with a smaller DiT-L back-
bone.

In a broader context, our work shows that there is still a
lot of untapped potential to accelerate recent few-step gen-
erative models. With a better understanding of their internal
dynamics and numerical properties, high-quality real-time
generation may well be achievable.

2. Related Work

Acceleration of diffusion and flow matching training.
Diffusion models [28, 61, 64] gradually perturb data with
noise and train a network to reconstruct the clean signal.
This noise-injection and denoising process can be described
via stochastic differential equations (SDEs) or, equiva-
lently, as a probability-flow ordinary differential equation
(ODE) [32, 65]. Flow Matching [2, 39, 40] extends this
with velocity fields, enabling the model to learn transport
paths connecting data and reference distributions.

Training these models is computationally expen-
sive [52]. To accelerate it, prior work mostly focuses
on critical timesteps using two strategies: (1) timestep-
dependent loss weighting based on SNR [25], perceptual
quality [10], or uncertainty [20, 33], and (2) modified sam-
pling distributions [82—84]. Furthermore, there are hybrid
approaches that combine the two [73], as well as adaptive
schedulers [35].

We will leverage some of the existing acceleration tech-
niques to speed up the formation of instantaneous velocity,
which is important to speed up convergence, see Sec. 4.

Few-step generative models. Early work on few-step
models revolves around distillation [45], progressive [5,
56], data-free approaches [23, 49, 87], and various forms of
alternative supervision,e.g. adversarial [59, 60, 76], score-
based [47, 77, 86], moment matching [57], operator learn-
ing [81], and physics-informed losses [68]. These are not
end-to-end pipelines; they are two-stage (or tightly sched-
uled) procedures that require manually selected transition
points—i.e., deciding when to stop teacher training and be-
gin distillation [16].

Consistency models [66] pioneered a major advance,
enabling end-to-end training of few-step generators, and
they have also been used in distillation setups [38, 41, 78].
The core principle is to enforce that model outputs from
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any two points along the same trajectory are identical.
This foundational concept has inspired a wide range of
follow-ups, such as improving training stability and sim-
plicity [19, 42, 63, 71], extending the framework to multi-
step [26, 34, 72], adapting to latent space models [46], and
incorporating adversarial loss [34, 36]. Despite these ad-
vances, a substantial gap remains between the few-step per-
formance of end-to-end training and the performance of
fully multi-step diffusion models.

More recently, several works have proposed to learn dif-
fusion and flow quantities between two time points [0, 7,
16, 34, 55, 74, 85]. For example, Flow Maps [6] define
the integral of the flow between time points and learn it
via matching losses. Shortcut Models [16] augment flow
matching with a regularization loss to learn shortcut paths,
and Inductive Moment Matching (IMM) [85] enforces self-
consistency of stochastic interpolants across time.

Among the methods developed so far, MeanFlow [18]
stands out: it substantially narrows the performance gap be-
tween few-step and full multi-step diffusion models, while
being trained end-to-end. The aim of the present paper is to
understand, improve, and accelerate the training of Mean-
Flow. There are a few concurrent efforts: AlphaFlow [79]
replaces the original MeanFlow objective with a softened
one. In contrast, we retain the MeanFlow formulation and
improve it based on a careful empirical analysis. CMT [30]
splits learning into multiple stages, whereas our method
preserves the simplicity of end-to-end MeanFlow training.

3. Background: MeanFlow

Flow matching. Flow matching [2, 39, 40] learns a time-
dependent vector field vg(z¢,t) that transports a (typically
Gaussian) source distribution € ~ p; (€) to a target data dis-
tribution & ~ po(x). This transformation is defined as the
solution to the ODE that characterizes the flow ®

L, (z) = v (Py(2)). e))

A valid velocity field can be learned by optimizing the con-
ditional flow matching objective, which utilizes a tractable
conditional velocity v:(z¢|e) instead of the intractable
marginal velocity v;(z;) [39]. Different choices for the con-
ditional flow paths are possible, arguably, the simplest and
most popular ones are optimal transport conditional veloc-
ity fields. Given a pair (z,€) and a time ¢ € [0, 1], z is the
linear interpolant z; = (1—t) 2 +¢ ¢, whose conditional ve-
locity [39] is the time derivative v;(z¢|€) = 2 = € — z. The
neural network vp is by minimizing the conditional flow-
matching loss Lorpm = Egefl|vo(ze,t) — ve(ze | e)Hg]
Data samples are generated by solving the probability-flow
ODE in Eq. 1.

MeanFlow. The core idea of MeanFlow [18] is to inter-
pret the flow-matching velocity as the instantaneous ve-

locity (v) at time ¢ and to learn an average velocity (u) be-
tween time points r and ¢ defined by the MeanFlow identity

t

1
2 - : v(zr, T) dT. 2)

By learning v with a neural network uy, MeanFlow approx-
imates the finite-time ODE integral in Eq. 1, enabling a sin-
gle update step 2, = z; — (t — r) ug(z¢, 7, t) that replaces
multiple small solver steps. To train ug, MeanFlow exploits
the relationship between u and v, which is defined as:

w(ze, t,r) = vz, t) — (E— 1) (ve(2e, 1) Opug + Orug). (3)
The overall objective is then given by:

Lytp = Eacrlllug(ze 7. t) — sglug) 3], 4
where wgr = v¢(2¢, 1) — (t — 1) (ve(2¢, )02 up + Orug) and
sg(+) denotes the stop-gradient operation.

The training strategy proposed by [18] samples a por-
tion of the minibatch with ¢ = r, in which case the Mean-
Flow objective in Eq. 4 reduces to flow matching by learn-
ing the instantaneous velocity v. Hence, their loss can be
interpreted as the sum of two terms for the average velocity
Ly (2¢,7,t) and the instantaneous velocity £, (2, t):

Lyvr =Eg e [Lo(2e,m,0) Lt #7T) + Lo(2¢, 1) Lt =7)] .
®)

u(zg, 7, t)

4. Observations

As described in Section 3, the MeanFlow objective decom-
poses into learning instantaneous velocity v and average
velocity u. In the following, we study how these cou-
pled quantities interact during training and how to opti-
mize their interplay to maximize one-step generation per-
formance. For these experiments, we use a DiT-B/4 [51]
architecture and the ImageNet 256 x 256 dataset [11]. Fur-
ther details are provided in Appendix A.

4.1. Impact of v-Learning on u-Learning

We first investigate how learning the instantaneous veloc-
ity v affects the quality of the learned average velocity u.
Through controlled experiments, we demonstrate that es-
tablishing v is a prerequisite for u-learning.

Learning v facilitates learning u. We examine whether
and how instantaneous velocity v affects the learning of the
average velocity u. We conduct a two-stage training: we
first train the model with v-loss (£, (z,t) in Eq. 5) and
then finetune it with u-loss (£, (z¢,7,t) in Eq. 5). This ex-
perimental setup makes it possible to analyze what effect
v-pretraining has on learning u. We use 1-NFE FID as an
evaluation metric for the quality of u.

Figure 2 shows the results of two complementary set-
tings. In the first setting (top), we fix the budget for fine-
tuning u« at 60 epochs while varying the duration of v-
pretraining between {0, 5, 10, 15, 20} epochs. In the sec-
ond setting (bottom), we fix the total training budget at
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Figure 2. v-learning facilitates u-learning. (7op) 1-NFE FID
during u-finetuning according to v-pretraining epochs. (Bottom)
1-NFE FID under a fixed 80-epoch budget with varying allocation
between v-pretraining and u-finetuning. Both settings show that
investing in v-learning improves u-learning quality.
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Figure 3. Corruption in v-learning disrupts u-learning. 1-
NFE FID when training with Lyr while injecting Gaussian noise
scaled by k- ||v¢(2¢|€)|| into the target velocity of £,. Even small
noise (kK = 0.03) disrupts v-learning and severely degrades u-
learning performance compared to clean training (k = 0).

80 epochs and allocate {0, 5, 10, 15, 20} epochs to v-
pretraining, with the remainder dedicated to u-finetuning.
Clearly, investing more into v-pretraining yields more sta-
ble and accurate u-learning. In the second setting, even un-
der a fixed compute budget, prioritizing v earlier is more
effective and accelerates convergence. Overall, the results
suggest that a well-formed v is a necessary prerequisite for
subsequent u-learning.

Corruption in v-learning disrupts u-learning. To ex-
amine the opposite case, we investigate whether u can
be accurately learned when v-learning is deliberately cor-
rupted. During MeanFlow training, we intentionally inject
Gaussian noise (scaled by k-||v;(z;|€)||) into the target con-
ditional velocity of the v-loss, thereby degrading v-learning
while leaving the u-loss intact. We again use 1-NFE FID
as an evaluation metric for u-learning quality and illustrate
the results across noise scales & in Fig. 3. Even with small
noise (k = 0.03), u-learning severely degrades. In other
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Figure 4. Impact of At of u-learning on v-learning. 32-NFE
FID after 40 epochs of u finetuning across different At ranges,
starting from either random initialization (blue) or v-pretrained
model (orange, 40 epochs). Small At enables constructing and
improving v, while large At degrades pretrained v. The green line
denotes the performance of the v-pretrained model.
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Figure 5. Task affinity between v- and u-learning across At
ranges. Small-At u-pretraining achieves higher affinity for large
At compared to v-pretraining, providing a better regime for learn-
ing large-gap average velocity with instantaneous velocity.

words, a corrupted instantaneous velocity makes learning
of the average velocity a lot harder.

Implication. The two experiments above reveal symmet-
ric dependencies: u-learning benefits from well-formed v,
while failing when v is corrupted. This aligns with the
mathematical structure of MeanFlow—u is defined as the
temporal integral of v, so the latter must be reasonably well
established to learn the former. These findings suggest that
instantaneous velocity should be prioritized early in train-
ing, to lay the foundation for subsequent learning of the av-
erage velocity.

4.2. Impact of u-Learning on v-Learning

Complementary to Sec. 4.1, we analyze how the temporal
gap At = t — r in average velocity supervision influences
the instantaneous velocity. We consider two initializations:
(1) a model pretrained with v-loss for 40 epochs, and (2)
random initialization. Both models are then finetuned with
the u-loss for 40 epochs while restricting At to one of four
ranges: [0.1,0.3], [0.3,0.5], [0.5,0.7], or [0.7,0.9]. The ex-
perimental design exposes how wu-supervision with different
At modifies a pretrained instantaneous velocity, and how
effectively it forms one from scratch. To measure the qual-
ity of v, we set v(z;,t) = ug(z,,t) and evaluate 32-NFE
FID, see results in Fig. 4.
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Small At supervision forms v. Restricting u-learning to
small temporal gaps (At € [0.1,0.3]) reveals two notable
effects (Fig. 4). First, a model trained from scratch with this
u-loss achieves a 32-NFE FID, comparable to 40 epochs of
v-pretraining (green line), demonstrating that small-At¢ su-
pervision is a viable proxy for v-learning. Second, when
finetuning the v-pretrained model, the same wu-loss yields
additional FID gains, indicating that it also improves the
pretrained instantaneous velocity. Together, these results
demonstrate that small-At¢ supervision provides an effective
learning signal for the instantaneous velocity v.

Large At supervision deteriorates v. In contrast, u-
learning with larger temporal gaps (At € [0.3,0.5],
[0.5,0.7], [0.7,0.9]) yields poor 32-NFE FID, with both
initializations. i.e., large-At supervision is of limited use
to construct v from scratch and, even worse, seriously de-
grades an already pretrained instantaneous velocity.

Implication. When training is not properly managed,
there is a self-destructive dynamic: wu-learning requires a
stable v foundation, yet large-A¢ supervision destabilizes
it. Together with the earlier finding that v should be es-
tablished early (Sec. 4.1), this translates into the following
guideline: suppress large-At supervision in early training
stages, to avoid disrupting v-learning.

4.3. Task Affinity Analysis

From Sec. 4.1, we observe that v should be established
early as a foundation for u-learning. However, as shown in
Sec. 4.2, supervision with large temporal gaps destabilizes
v, while supervision with small temporal gaps can actually
benefit v learning. Therefore, we should exclude large-At
supervision from the early training phase, which should be
dedicated to forming v. In this regard, two viable strategies
emerge: (1) pure v-learning via v-loss, or (2) combining u-
loss with small temporal gap supervision, which serves as
an effective signal for v-learning.

To determine whether pure v-loss or small-At¢ u-loss bet-
ter prepares the ground for large-At learning, we resort to
the Task Affinity Score (TAS) [15, 20, 67]. TAS measures
how smoothly two tasks can be jointly trained, quantifying
their lack of conflict through training iterations. We com-
pute this between v-loss and u-loss (across different At-
ranges) under three distinct initialization schemes: base-
line: random initialization; strategy I: pretrained with v-
loss for 40 epochs; strategy 2: pretrained with u-loss (At €
[0.1,0.3]) for 40 epochs. The results, shown in Fig. 5, clar-
ify how to best initialize large-At learning.

The models pretrained with strategies 1 and 2 both have
higher TAS than random initialization across all temporal
gap ranges, showing that both pretraining strategies cre-
ate a more favorable regime for joint MeanFlow learning.
Among the two, pretraining with small-At supervision ex-
hibits a stronger affinity for large-At regimes compared to

pure v-loss pretraining, indicating that small-A¢ supervi-
sion provides a more favorable initialization for the later
learning stages that extend u to large temporal gaps.

Implication. Small-At supervision (Strategy 2) creates
a better initialization for the challenging large-At regime
than pure v-loss (Strategy 1). Hence, small-At supervision
should be included early in training, preparing for the sub-
sequent stages that learns u over large temporal gaps—the
mode ultimately required for one-step generation.

5. Method

In Sec. 4, we made three key observations: (O1) instanta-
neous velocity (v) must be established early, as it provides
the foundation for learning average velocity (u)—when v is
poorly formed or corrupted, u-learning fails; (02) the tem-
poral gap determines how u-learning affects v: small tem-
poral gaps facilitate formation and refinement of v, while
large temporal gaps degrade it; and (O3) task affinity anal-
ysis reveals that including small-gap supervision creates a
more favorable initialization for learning the large-gap av-
erage velocity required for one-step generation.

The original MeanFlow objective does not consider these
properties and thus trains with standard v-loss and the
whole range of At from the start. Thus, the training suffers
from the observed inefficiencies: it fails to rapidly form v,
which in turn delays learning of u, since it depends on well-
formed instantaneous velocities; resulting in slow training
and suboptimal model performance.

We translate our insights into a unified training strat-
egy that directly addresses these limitations, thereby ac-
celerating convergence and improving overall generation
quality. Our strategy has two components: (1) the use of
well-established training acceleration techniques for diffu-
sion and flow models to rapidly form v, and (2) progressive
weighting of the u-loss (L, (z¢, 7, t)), such that it prioritizes
small-At early in training and gradually transitions to uni-
form weighting across all At.

Accelerating v-learning. To rapidly establish v, we adopt
two standard acceleration techniques: specialized timestep
sampling and time-dependent loss weighting. For timestep
sampling, we replace the base sampling in Eq. 4 with a
custom distribution p,.(t). For loss weighting, we ap-
ply a time-dependent weight «(¢) to the v-loss, modifying
the corresponding term in Eq. 4 to «(t) - £,(z¢,t). The
specific forms of p,.(t) and «(t) are adopted from estab-
lished acceleration methods [10, 20, 25, 33, 73, 82—-84] and
are designed to focus the model training on more critical
timesteps, thereby accelerating convergence.

Progressive £,, weighting. We weight £, (2, 7,t) to em-
phasize small temporal gaps early in training, then gradu-
ally transition to uniform weighting. Specifically, we use

B(At,s) =1—s+ As(1 — At),
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Method #Params  Epoch 1Fll\11311E 2Fll\]I)Ff Method #Params NFE FID|
GANs / Normalizing Flows
Comparison to MeanFlow across model sizes BigGAN [8] 112M 1 695
MeanFlow-B/4 131M 240 11.58 7.85 StyleGAN-XL [58] 166M 1 230
+ Ours w MinSNR 131M 240 9.87 7.08 GigaGAN [31] 569M 1 345
+ Ours w DTD 131M 240 10.20 7.31 STARFlow [24] 1.4B 1 240
MeanFlow-M/2 308M 240 5.01 4.61 Autoregressive / Masking models
+ Ours w MinSNR 308M 240 4.61 4.30
s e VQ-GAN [14 227TM 1024 26.52
+ Ours w DTD 308M 240 443 4.10 MSSI?GII"}I [[9] ] ZZ;M 0 ] 66 15 3
MeanFlow-L/2 459M 240 3.84 3.35 VAR [69] 2B 10x2  1.92
+ Ours w MinSNR 459M 240 3.79 3.31 MAR-H [37] 943M  256x2 1.55
DTD 459M 24 47 .24
+ Ours w 59 0 3 3 Diffusion / Flow models
Few-step diffusion/flow models from end-to-end training ADM [12] 554M 2502 10.94
iCT-XL/2¥ [63] 675M - 34.24 20.30 LDM [53] 400M 250%2  3.60
Shortcut-XL/2 [16] 675M 160 10.60 - U-ViT-H/2 [3] 501M 50%x2  2.29
iMM-XL/2T [85] 675M 3840 - 7.77 SimDiff [29] 2B 512x2 277
MeanFlow-XL/2 676M 240 3.43 2.93 DiT-XL/2 [51] 675M  250x2  2.27
+ Ours w DTD 676M 240 2.87 2.64 SiT-XL/2 [48] 675M  250x2  2.06

Table 1. Results for class-conditional generation on ImageNet 256 < 256. (Left) Comparison of few-step diffusion/flow models. (Right)
Other generative model families as reference. “t” in left table and “x2” in right table indicate that Classifier-Free Guidance (CFG) doubles

NFE per sampling step. {: iCT results from [85].

where s € [0,1] denotes the training progress. At initial-
ization s = 1 and B(At, 1) = A(1 — At) prioritizes small
At; at convergence 3(At,0) = 1 weights all gaps equally.
To maintain a uniform expectation at initialization, we set
A = 1/Ex¢[1 — At]. We use a simple linear schedule
s = 1—14/T, where ¢ and T denote the current iteration
and the total number of iterations, respectively. A slower
initial transition can be achieved by setting s = 1 — (i/T)*
with k£ > 1; conversely, k < 1 yields a faster transition.

Integration with MeanFlow components. MeanFlow
training employs a number of stabilization techniques, in-
cluding specialized loss metrics and sampling strategies. In
Appendix B we provide detailed instructions on how to in-
tegrate our proposed adaptations with these components.

6. Experiments

In the following, we show that our method accelerates con-
vergence and attains higher final performance. Together,
these results show that our observations translate into prac-
tical training improvements.

6.1. Experimental Setup

We follow the original experimental setup of Mean-
Flow [18] and conduct experiments on ImageNet [11] gen-
eration at 256 x256 resolution with DiT architectures [51].
To measure few-step generation performance, we utilize the

FID [27] score on 50K samples from either 1-NFE or 2-
NFE generation.

Implementation details. We test several ways of acceler-
ating velocity training, one method from each category. For
their simplicity and good empirical performance, we choose
MinSNR [25] as loss weighting approach, and DTD [35] as
timestep sampling approach. More sophisticated methods
exist [20, 73, 84], but we do not expect large differences in
the context of our progressive weighting scheme.

6.2. Comparative Evaluation

Comparison to MeanFlow. As shown in Table 1 (top
left), we first compare our method against MeanFlow using
the DiT-B/4, DiT-M/2, and DiT-L/2 models. Our method
consistently outperforms MeanFlow, regardless of the ve-
locity learning acceleration technique employed. When
comparing the two acceleration methods, MinSNR and
DTD, a clear pattern emerges: MinSNR surpasses DTD
on DiT-B/4, but this advantage diminishes at larger scales
(L/2, M/2). We attribute this discrepancy to MeanFlow’s
adaptive loss weighting, which normalizes loss values by
their norm to balance their influence. Loss-weighting strate-
gies like MinSNR interfere with this adaptive mechanism,
consequently reducing robustness across different model
scales. In contrast, timestep-sampling methods like DTD
only modify the sampling distribution and leave the loss
weighting scheme intact, thus preserving compatibility with
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Figure 7. Qualitative comparison of generated samples across training epochs on DiT-XL/2.

MeanFlow’s adaptive design. Therefore, due to its consis-
tent performance across model sizes, we select DTD as our
primary acceleration method.

ImageNet 256x256 benchmark. We scale up our
method with DTD to the DiT-XL model and compare it
with previous one- and few-step diffusion/flow models in
Table 1 (bottom left). Our method also outperforms Mean-
Flow in the DiT-XL setup (240 epochs), improving Mean-
Flow’s 1-NFE FID from 3.43 to 2.87 and its 2-NFE FID
from 2.93 to 2.64. We highlight that this improvement on
DiT-XL (3.43—2.87), a notable 16% reduction in FID, sub-
stantially narrows the gap between one-step generation and
multi-step diffusion models, as shown in Table 1 (right).

Convergence speed. Next, we compare the convergence
behavior of our method against vanilla MeanFlow training,
both quantitatively and qualitatively. As shown in Fig. |
and 6, our approach achieves substantially faster conver-
gence across all model sizes. Notably, our method with
DTD demonstrates superior convergence on DiT-XL/2, -
L/2, and -M/2, achieving approximately 2.5x, 2.3, and
2.1x speedup, respectively. Qualitatively, Fig. 7 shows
samples from DiT-XL/2 at different training epochs. At
equivalent epochs, our method generates noticeably sharper
and more detailed images than vanilla MeanFlow. Remark-
ably, our samples at 120 epochs exhibit quality compa-

CFG Setup | Method FID (I-NFE)| FID (2-NFE)]

MeanFlow-L/2 4.60 4.58

Kk =0.5 + Ours w DTD 4.08 3.97
w=2.0 MeanFlow-XL/2 4.72 4.64
+ Ours w DTD 4.31 4.29

x =0.92 | MeanFlow-L/2 3.84 3.35
w=25 + Ours w DTD 347 3.24
x =0.92 | MeanFlow-XL/2 343 2.93
w=2.5 + Ours w DTD 2.87 2.64

Table 2. Robustness to CFG configurations. Performance of
DiT-L and DiT-XL with different CFG setups. Our method con-
sistently improves across all configurations.

rable to or exceeding vanilla MeanFlow’s 240-epoch re-
sults, demonstrating ~2x faster convergence. Together,
these quantitative and qualitative results confirm that our
approach not only substantially accelerates training but also
improves final generation quality.

6.3. Ablation and Analysis

Effectiveness across different CFG configurations.
MeanFlow integrates Classifier-Free Guidance (CFG) by
mixing three components in the target u: conditional ve-
locity, conditional velocity prediction, and unconditional
velocity prediction, using coefficients w and ~ (see Ap-
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Method | FID (I-NFE)|  FID (2-NFE)|
MeanFlow-B/4 ‘ 11.58 7.85
+ MinSNR 10.57 7.38
+DTD 10.96 7.55
+ L, weighting. | 10.98 7.58
+ MinSNR + £,, weighting. 9.87 7.08
+ DTD + L, weighting. 10.20 7.31

Table 3. Ablation of method components. Velocity acceleration
methods and £,, weighting each improve upon vanilla MeanFlow
training, with their combination achieving the best performance.

MeanFlow-B/4 + Ours w DTD
k=05 k=1 k=2 k=3
FID| (1-NFE) 11.58 11.16 1020 1144 1199

Table 4. 1-NFE FID with varying settings of the schedule pa-
rameter k. The linear schedule (k = 1) achieves the lowest FID.

MeanFlow-B/4

pendix A in [18]). For smaller models (DiT-B and DiT-M),
k = 0.5 and w = 2.0 are used, while larger models (DiT-
L and DiT-XL) use £ = 0.92 and w = 2.5. Additionally,
for DiT-L and DiT-XL, CFG mixing is only applied when
t is sampled within specific ranges ([0.0, 0.8] for DiT-L,
[0.0, 0.75] for DiT-XL). To verify our method’s robustness
to these configurations, we train DiT-L and DiT-XL using
the CFG settings of both the small and large models.

Table 2 shows that our method consistently improves
performance across all CFG configurations. This demon-
strates the robustness of our method to different guidance
scenarios, underscoring its role as a simple but highly effec-
tive technique for achieving consistent performance gains.

Effect of individual components. To validate the contri-
bution of each component, we train DiT-B/4 with three con-
figurations: (1) applying only velocity acceleration meth-
ods (MinSNR or DTD), (2) applying only progressive L,
weighting, and (3) the full method combining both com-
ponents. All models are trained for 240 epochs, matching
the setup in Sec. 6.2. The results are illustrated in Table 3.
As shown in the results, only applying velocity accelera-
tion methods improves vanilla MeanFlow training (11.58 —
10.57 with MinSNR, 10.96 with DTD at 1-NFE), demon-
strating that rapid v formulation benefits training. More-
over, applying only progressive weighting on £,, improves
the performance to 10.98 at 1-NFE, showing the benefit of
proper temporal gap scheduling. The combined approach
yields the strongest results, with a combination of Min-
SNR and weighting yielding an FID of 9.87 at 1-NFE and
10.20 when combining DTD and weighting. This demon-
strates that the two components are complementary: veloc-
ity acceleration rapidly establishes the instantaneous veloc-
ity foundation, while progressive weighting drives effective
average velocity learning.

Method FID|
32-NFE 64-NFE 128-NFE
MeanFlow 7.61 7.26 7.16
+ Ours w MinSNR 7.09 6.91 6.86
+ Ours w DTD 7.25 7.01 6.93

Table 5. Comparison of multi-step generation with estimated
instantaneous velocity on DiT-B/4 models.

Effect of schedule parameter k. While the pace of our
progressive weighting s = 1 — (i/T)* can be modulated by
adjusting k, we use k = 1 (linear schedule) in all experi-
ments for simplicity. To verify the impact of this choice, we
compare different k£ values on DiT-B/4 in Table 4. The re-
sults show that k£ = 1 achieves the best performance (10.20
FID), validating our choice of a simple linear schedule. We
observe that slower transitions (k < 1) and faster transitions
(k > 1) both degrade performance, indicating that a linear
schedule provides a good balance.

Enhanced instantaneous velocity. We argue that accel-
erating instantaneous velocity formation is crucial for ef-
fective training (Sec. 4). To verify that the acceleration
methods improve v quality, we evaluate multi-step gener-
ation performance using ug(z;, ¢, t) as the velocity estimate
(which equals the model’s instantaneous velocity prediction
when r = t). As shown in Table 5, our methods consis-
tently outperform MeanFlow across all sampling steps (32,
64, 128 NFE) regardless of the applied velocity accelera-
tion methods. This demonstrates that our training strategy
actually improves the underlying instantaneous velocity es-
timated by the model, confirming that our approach yields
higher-quality velocity fields.

7. Conclusion

In this work, we revisited MeanFlow through a detailed
analysis of its instantaneous and average velocity compo-
nents and their interaction during training. We identified
key learning dynamics: instantaneous velocity should be
established early to enable effective average velocity learn-
ing, and supervision on small temporal gaps creates a more
favorable foundation for subsequently learning large-gap
average velocity. Building on these insights, we propose
an improved training strategy that accelerates instantaneous
velocity formation and prioritizes small temporal gaps in
the early training phase before gradually transitioning to
larger gaps. Our approach achieves faster convergence, im-
proved one-step generation, and reduced training cost. We
believe these findings offer both a deeper understanding of
MeanFlow’s learning behavior and a practical foundation
for designing efficient few-step generative models.
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