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Abstract

State-of-the-art flow models achieve remarkable quality but
require slow, iterative sampling. To accelerate this, flow
maps can be distilled from pre-trained teachers, a proce-
dure that conventionally requires sampling from an external
dataset. We argue that this data-dependency introduces a
fundamental risk of Teacher-Data Mismatch, as a static
dataset may provide an incomplete or even misaligned rep-
resentation of the teacher’s full generative capabilities. This
leads us to question whether this reliance on data is truly
necessary for successful flow map distillation. In this work,
we explore a data-free alternative that samples only from
the prior distribution—a distribution the teacher is guaran-
teed to follow by construction, thereby circumventing the
mismatch risk entirely. To demonstrate the practical viability
of this philosophy, we introduce a principled framework that
learns to predict the teacher’s sampling path while actively
correcting for its own compounding errors to ensure high
fidelity. Our approach surpasses all data-based counter-
parts and establishes a new state-of-the-art by a significant
margin. Specifically, distilling from SiT-XL/2+REPA, our
method reaches an impressive FID of 1.45 on ImageNet
256×256, and 1.49 on ImageNet 512×512, both with only 1
sampling step. We hope our work establishes a more robust
paradigm for accelerating generative models and motivates
the broader adoption of flow map distillation without data.
� Project page: data-free-flow-distill.github.io

1. Introduction

Diffusion models [22, 28, 73, 78] and flow models [1, 18,
40, 43, 56, 91, 92] have revolutionized high-fidelity syn-
thesis [23, 60, 62, 86], yet their reliance on numerically
integrating an Ordinary Differential Equation (ODE) cre-
ates a significant computational bottleneck. To resolve this
latency, flow maps [5], which learn the solution operator
of the ODE directly, offer a principled path to accelera-
tion, bypassing iterative solving by taking large “jumps”
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Figure 1. Teacher-Data Mismatch and the data-free alternative.
(Top) Conventional data-based distillation relies on intermediate
distributions (p̃t) derived from a static dataset, which could be
misaligned with the teacher’s true generative distributions (p̂t).
(Bottom) The data-free paradigm, in contrast, samples only from
the prior (π), the single distribution with guaranteed alignment,
thereby circumventing the mismatch risk by construction.

along the generative trajectory. While flow maps can be
trained from scratch [4, 12, 14, 79], a more flexible alter-
native is to distill them from powerful, pre-trained teacher
models [3, 32, 64, 65, 79]. This modular strategy allows
for the compression of state-of-the-art models, which are
often the product of advanced training [38, 100, 102] and
post-training [39, 41, 84, 90, 101] techniques.

We observe that the dominant and most successful flow
map distillation approaches are data-based, relying on sam-
ples from an external dataset to train the student. We argue
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that this tacitly accepted dependency introduces a funda-
mental risk of Teacher-Data Mismatch. As illustrated
in Fig. 1, a static dataset may provide an incomplete or
misaligned representation of the teacher’s true generative
capabilities. This discrepancy arises frequently in prac-
tice: when a teacher generalizes beyond its original training
set [26, 27, 54, 58, 70, 75, 96, 99]; when post-hoc fine-
tuning [39, 41, 84, 90, 101] shifts the teacher’s distribution
away from the original data; or when the teacher’s propri-
etary training data is simply unavailable [6, 35, 62, 71, 87].
In these scenarios, forcing a student to match the teacher on
a misaligned dataset fundamentally constrains its potential.

Fortunately, this mismatch is not inevitable. We observe
that while the teacher’s generative paths may diverge from
the dataset, they are, by definition, anchored to the prior
distribution. As shown in Fig. 1, the prior serves as the
single point of guaranteed alignment: it is the shared origin
for the teacher’s generation and the termination point for any
noising process. This insight leads us to question whether
the common reliance on data is truly necessary. We posit
that we can instead build a robust, data-free alternative by
sampling only from the prior, thereby circumventing the
mismatch risk entirely by construction.

To operationalize this philosophy, we introduce a prin-
cipled framework designed to track the teacher’s dynamics
purely from the prior. Our method takes a sample from the
prior and a scalar integration interval, predicting where the
flow should jump. We show that optimality is achieved when
the model’s generating velocity, the rate at which it traverses
its own path, aligns with the teacher’s instantaneous velocity.
Nevertheless, like any autonomous numerical solver, this
prediction process is susceptible to compounding errors. To
mitigate this, we propose a correction mechanism that further
aligns the model’s noising velocity, the marginal velocity of
the noising flow implied by the student’s predicted distribu-
tion, back to the teacher. We name our proposal FreeFlow,
emphasizing its defining characteristic as a completely data-
free distillation framework for flow maps.

We validate our approach through extensive experiments
on ImageNet [63]. Distilling from a SiT-XL/2+REPA [100]
teacher, FreeFlow establishes a new state-of-the-art, reaching
an impressive FID of 1.45 on 256×256 and 1.49 on 512×512
with 1 function evaluation (1-NFE), significantly surpass-
ing all data-based baselines. Furthermore, by leveraging
its nature as a fast, consistent proxy, FreeFlow enables effi-
cient inference-time scaling [51, 72], allowing for the search
of optimal noise samples in a single step. Ultimately, our
findings confirm that an external dataset is not an essential re-
quirement for high-fidelity flow map distillation, and the risk
of Teacher-Data Mismatch can be avoided entirely without
compromising performance. We believe this work provides
a more robust foundation for generative model acceleration
and motivates a shift toward the data-free paradigm.

2. Preliminaries

Diffusion and flow. Diffusion models [22, 28, 73, 78] and
flow models [1, 18, 40, 43, 56, 91, 92] are trained to reverse
a reference noising process that transports the data distribu-
tion p ≡ p0 to a easy-to-sample prior distribution π ≡ p1
like N (0, I). We denote the interpolating distributions in be-
tween as pt and their samples xt, indexed by time t ∈ [0, 1].
For the linear interpolation scheme [40, 43, 50] that we uti-
lize throughout the paper, given a pair of terminal samples
x ∼ p and z ∼ π, we construct the noising process from its
interpolants, xt = It(x, z) := (1− t)x+ tz, which in turn
defines a conditional velocity, pointing in the direction from
prior to data, u(xt, t | x,z) := −∂tIt(x, z) = x− z. Tak-
ing the expectation over p and π, we arrive at the marginal
instantaneous velocity, u : Rd × [0, 1] → Rd, a vector field
that dictates how the samples evolve, which governs the
noising process with the following ODE:

dx(t) = −u(x(t), t)dt, (1)

where x(t) ∈ Rd denotes the state of the system. In practice,
the typically unknown u can be well approximated by a
model gψ with parameters ψ, trained with denoising score
matching [77, 83] or conditional flow matching [40, 56]:

Ex,z,t ∥ gψ(It(x, z), t)− u(It(x, z), t | x, z) ∥2 . (2)

For sampling, we need to solve Eq. (1) by integrating the
flow backward in time:

ϕu(xt, t, s) = xt +

∫ s

t

−u(x(τ), τ)dτ, (3)

where ϕu : Dflow → Rd, Dflow = {(y, ζ, ξ) | y ∈ Rd, ζ ∈
[0, 1], ξ ∈ [0, ζ]}, denotes the generating flow equipped with
underlying velocity field u, and t − s is the integration
time interval. The standard sampling procedure of flow
models corresponds to calculating ϕu(z, 1, 0), z ∼ π. In
practice, we resort to some numerical solver, like Euler [74,
78] and Heun methods [28]. Since the underlying trajectories
typically exhibit complicated structure and curvature [88,
93], such numerical integration procedures often require
dozens or even hundreds of NFEs for a single generation.

Flow maps. Instead of approximating the instantaneous
velocity u, a flow map model [3, 5, 12, 14, 32, 64, 65, 79],
fθ parameterized by θ, is trained to directly approximate
ϕu. Existing works dissect and utilize key properties of
ϕu to construct their training objective, typically via the
local dynamics described by u. For example, in Mean-
Flow [14], the network Fθ : Dflow → Rd represents the
average velocity f travels over its path: fθ(xt, t, s) =
xt+(t−s)Fθ(xt, t, s). At optimality, we know from Eq. (3)
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Figure 2. Impact of Teacher-Data Mismatch. With a fixed teacher
model, increasing augmentation induces a more severe mismatch
between teacher and data, degrading student performance.

that (t− s)Fθ∗(xt, t, s) =
∫ s
t
−u (x(τ), τ) dτ . Differenti-

ating both sides w.r.t. t leads to

Fθ∗(xt, t, s) + (t− s)
d

dt
Fθ∗(xt, t, s) = u(xt, t), (4)

where d
dtF is the total derivative that can be further expanded

into ∇xtF
dxt

dt + ∂tF . This identity then motivates the
following practical training objective:

Et,s,xt
∥Fθ(xt, t, s)− sg (uMF) ∥2 , (5)

where sg(·) denotes the stop-gradient operation, and uMF =
u(xt, t) − (t − s) ddtFθ(xt, t, s). The decision to drop the
remaining gradients is mostly empirical and common in
prior literature [12, 14, 45, 76], as it results in faster, less
resource-demanding, and often more stable training. Here, u
is either co-trained from scratch [14] together with Eq. (2), or
a pre-trained flow model [57, 64, 79] in a procedure known
as flow map distillation. In this paper, we focus on the
second case, since this modular approach allows for easier
incorporation of advanced training [38, 100, 102] and post-
training [39, 41, 84, 90, 101] techniques.

3. With or Without Data?
The goal of flow map distillation is to create a student fθ that
faithfully reproduces the full generative process of the given
ϕu, just with fewer NFEs. Intuitively, existing methods
learn the teacher sampling dynamics at a series of intermedi-
ate states xt (note the expectation over xt in Eq. (5)). Our
discussion begins from this very point, with a closer inspec-
tion of a foundational, yet largely unexamined, element: the
underlying distribution from which these states xt are drawn.

3.1. The Risk of Teacher-Data Mismatch

The distribution of xt is conventionally formed by sampling
from a data-noising distribution, which we denote as p̃t. This
is the set of all interpolants It(x̃, z) generated by taking a
data point x̃ ∼ p̃1 and a prior sample z ∼ π. Although
tacitly accepted, this practice implicitly assumes that p̃t is a
suitable representation of the states the teacher model follows
over its sampling trajectory.

We note that the teacher defines a distinct set of interme-
diate states via Eq. (3). The set of all xt along these solution
paths constitutes the true teacher-generating distribution,
which we denote as p̂t. For the student to perfectly repro-
duce the teacher, it should be trained to match the teacher’s
dynamics over p̂t. The central problem that we identify in
this paper, which we term the Teacher-Data Mismatch, is
that these two distributions are not equivalent: p̃t ̸= p̂t.

By training on p̃t, the student is compelled to learn the
teacher’s dynamics only on trajectories that are anchored
to the static dataset p̃. Any generative behavior of the
teacher that starts from π and evolves through states not
well-represented by p̃t will be systematically ignored during
training. Consequently, even a perfectly converged student
is not guaranteed to reproduce the teacher’s outputs, as it has
fundamentally been trained to distill the wrong process.

To examine and validate the impact of the discussed mis-
match, we design a controlled experiment on ImageNet,
where we introduce deliberately misaligned p̃t distributions
by applying data augmentations during the training of con-
ventional flow map distillation. As shown in Fig. 2, the qual-
ity of the learned flow map is highly sensitive to the fidelity
and representativeness of the distillation dataset: stronger
augmentation leads to a larger discrepancy between p̂t and
p̃t, and, in turn, results in a more significant degradation in
student performance.

This mismatch is not merely a theoretical curiosity; it
manifests in several common and critical scenarios. First,
when a powerful teacher model has generalized beyond its
training set [26, 27, 54, 58, 70, 75, 96, 99], or even when
it simply employs the widely adopted Classifier-Free Guid-
ance (CFG) [21], its generative distribution p̂0 will contain
novel, extrapolated samples not present in p, causing its
trajectories p̂t to necessarily diverge from the data-noising
paths pt. Second, if the teacher has been altered by post-
hoc fine-tuning [39, 41, 84, 90, 101], its generating flow is
deliberately modified, again forcing p̂t to diverge from the
original data-noising distribution. Third, a teacher model
may be released publicly while its massive, proprietary train-
ing data is not [6, 35, 62, 71, 87]. In this case, p is simply
unavailable, and any proxy dataset used will almost certainly
create a severe mismatch.

1We use p̃ to denote the dataset available at distillation time. As we will
discuss, it may differ from p.
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Figure 3. Selected samples from FreeFlow-XL/2 model at 512×512 resolution with 1-NFE. More uncurated results are in App. D.

3.2. Towards a Data-Free Alternative
A straightforward remedy to the Teacher-Data Mismatch
is to directly sample from p̂t during training. This would
involve sampling z ∼ π, integrating the teacher model from
t = 1 to a random time t to get xt = ϕu(z, 1, t), and then
using this xt in the distillation loss. Just like the case of
knowledge distillation [20, 43, 47, 104], where the model
is trained to learn the fully integrated outcomes at t = 0,
obtaining reference trajectories on-the-fly is prohibitively
costly, whereas pre-computing them offline scales poorly.
In short, for high-dimensional or complex conditional tasks,
generating enough samples to adequately represent the un-
derlying distribution simply becomes intractable.

This apparent impasse leads us to re-examine the prop-
erties of these two distributions. While p̂t and p̃t diverge
for t ∈ [0, 1), they are, by construction, identical at t = 1.
The data-noising process terminates at the prior distribution
(i.e., p̃1 ≡ π), and the teacher’s generative process begins at
the same prior (i.e., p̂1 ≡ π). This observation provides a
crucial foothold. The prior π is the one distribution we can
sample from that is guaranteed to be on-distribution for the
teacher’s generative process, completely circumventing the
risk of Teacher-Data Mismatch.

This insight motivates our central question: Is the com-
monly followed data-dependency truly necessary for flow
map distillation? We argue that it is not. In the following,
we explore a data-free alternative, building a new flow map
distillation objective governed only by the prior distribution.

4. Flow Map Distillation Without Data
Our exploration now moves from motivation to mechanism.
A flow map model can be generally understood as directly
modeling a segment of a full generative trajectory, and the
core principle for training such a model is to enforce consis-
tency with u at some point along this segment, ensuring the
learned dynamics are locally correct. The segment’s two key
points provide natural candidates: a sampled start-point, xt,
and a predicted end-point, xs = fθ(xt, t, s).

This perspective provides a clear lens through which to
view the distillation process. In the conventional, data-based
setting, the start-point xt is drawn from a series of data-

noising distributions p̃t. It is thus natural to constrain the
model by perturbing this start-point, which corresponds to
differentiating the optimal condition, (t− s)Fθ∗(xt, t, s) =∫ s
t
−u (x(τ), τ) dτ , with respect to t. This operation leads

to the MeanFlow identity [14] in Eq. (4), which effectively
enforces consistency at the start of the segment.

In our data-free investigation, however, we only sample
our start-point from the prior π, which fixes xt = z at
t = 1. Consequently, perturbing the start-time t, and in
turn the start-point, is no longer a meaningful operation.
Thus, we consider the symmetrical alternative: if we cannot
enforce consistency by perturbing the sampled start-point,
we can instead do so by perturbing the predicted end-point.
This provides a different path to ensuring the student’s local
dynamics are correct, and it corresponds to differentiating
the optimal condition with respect to the end time s.

To formalize this, we first simplify our notation to reflect
this prior-anchored (t = 1) view. That is: (1) We define the
integration duration as δ = t− s = 1− s, where δ ∈ [0, 1];
(2) The flow map fθ(z, δ) : Rd × [0, 1] → Rd approxi-
mates the true flow ϕu(z, 1, 1− δ); (3) The average velocity
Fθ(z, δ) : Rd × [0, 1] → Rd is linked by the parameteri-
zation fθ(z, δ) = z + δFθ(z, δ). The optimal condition,
anchored at t = 1, thus reduced to:

δFθ∗(z, δ) =

∫ 1−δ

1

−u (x(τ), τ) dτ. (6)

Following our exposition, we differentiate both sides of
Eq. (6) w.r.t. δ (equivalent to differentiating w.r.t. −s):

Fθ∗(z, δ) + δ∂δFθ∗(z, δ) = u (fθ∗(z, δ), 1− δ) . (7)

Eq. (7) differs from Eq. (4) in subtle ways: (1) The time
derivative of Fθ is just a partial derivative, as z does not
depend on δ; (2) u is evaluated at a state predicted by fθ.

The identity defined in Eq. (7) provides a sufficient con-
dition for optimality, which motivates the following loss:

Ez,δ ∥Fθ(z, δ)− sg(utarget) ∥2 , (8)

where utarget = u (fθ(z, δ), 1− δ)− δ∂δFθ(z, δ). Remark-
ably, we verify that Eq. (8) is formulated by only sampling
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from the prior π, without any reliance on an external dataset
p̃ and thus free from the risks of Teacher-Data Mismatch.
Hence, it achieves the goal of our exploration.

4.1. Predict With Generating Flows
We now analyze our proposed objective in Eq. (8). Note
that ∂δfθ(z, δ), the model prediction’s rate of change with
respect to the integration time, is the velocity with which
the model travels along its generating flow. Thus, the opti-
mality of the student is equivalent to the alignment between
the model’s generating velocity and the underlying veloc-
ity. Indeed, it is easy to see that the loss value of Eq. (8) is
the same as Ez,δ∥∂δfθ(z, δ)−u(fθ(z, δ), 1− δ)∥2, which
evaluates to 0 if and only if ∂δf = u. Intuitively, the stu-
dent is analogous to an autonomous ODE solver, which uses
its current estimated state to query the derivative function
and compute the next state. The student learns to “ride” the
teacher’s vector field, starting from π and extending outward,
step by step, based entirely on its own evolving predictions.

In practice, ∂δFθ can be calculated easily and efficiently
via Jacobian-vector product (JVP) with forward-mode auto-
matic differentiation, barring some advanced computation
kernels, which currently require customized solutions [45].
Still, it is desirable to work with a more flexible loss func-
tion with no such limitations, which is why we derive a
discrete-time alternative (detail in App. A.1) that numeri-
cally approximates ∂δFθ with finite differences.

Consequently, we abstract away the computation detail,
and use the general notation vG(fθ(z, δ), 1−δ) to denote the
student’s generating velocity ∂δfθ(z, δ). The understanding
that Eq. (8) aligns vG and u can also be observed from its
optimization gradients:

∇θ Ez,δ

[
Fθ(z, δ)

⊤sg
(
∆vG,u(fθ(z, δ), 1− δ)

)]
, (9)

where ∆vG,u(fθ(z, δ), 1 − δ) is the difference between
vG(fθ(z, δ), 1− δ) and u(fθ(z, δ), 1− δ). Explicitly writ-
ing out the gradients makes it easier to adopt techniques like
gradient weighting/normalization explored in Sec. 5.1. Note
that, if Fθ is further parameterized, we should replace the
first term in Eq. (9) with the actual network output to ensure
effective gradient control by only modifying ∆vG,u.

Lastly, we note that advanced sampling techniques can
be easily incorporated in u, e.g., for classifier-free guidance
(CFG) [21], we could simply replace u(xt, t | c)2 with
uγ(xt, t | c) = γ · u(xt, t | c) + (1− γ) · u(xt, t | c = ∅),
where c is condition with ∅ referring to a null input, and
γ is the guidance strength. Furthermore, the model can be
trained on a range of γ values, which enables the ability to
effortlessly change the guidance strength at inference time.

The Challenge of Error Accumulation. In practice, the
student model fθ is only a learned approximation, not a

2We omit c everywhere else in the paper for simplicity.
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Figure 4. Approximation errors
accumulate as the prediction
proceeds from noise to data.

Figure 5. Correction objective
in Eq. (11) aligns the student’s
noising velocity vN with u.

mathematically perfect one. At any δ, its prediction fθ(z, δ)
may contain a small approximation error, placing it slightly
off the true teacher trajectory ϕu(z, 1, 1− δ). Because the
objective is self-referential, this small deviation influences
the target used for subsequent steps. The student queries
the teacher at its current and potentially slightly erroneous
state, and the resulting velocity target, while correct for
that state3, may not guide the student back toward the true
path. Such errors can compound as the integration proceeds
from δ = 0 to δ = 1. In Fig. 4, we measure the relative
differences between the student’s predicted trajectory and the
teacher’s true sampling path, which empirically quantifies
and confirms such a phenomenon as the student progressively
diverges from the teacher when δ increases.

4.2. Correct With Noising Flows
The problem identified above is that the student is trained to
predict the next state based on its current one, but it has no
means to correct its own deviations and pull the trajectory
back towards the teacher’s true path. Drawing inspiration
from Song et al. [78], we seek to correct the marginal dis-
tributions of the student solutions, analogous to a predictor-
corrector method for solving ODEs [2]. Additionally, the
correction objective cannot reintroduce the data-dependency
we have worked to remove, meaning that we do not consider
objectives like GANs [15] that rely on an external dataset.

Variational Score Distillation [85] was originally pro-
posed as a training procedure to distill distributions from
pre-trained diffusion models by minimizing the Integral KL
divergence [48]. We slightly adapt it to our setting, where
we use q ≡ q0 to denote the marginal distribution of clean
samples generated by the model,

∫
fθ(z, 1)dπ. Specifically,

it has been shown that q = p if and only if their IKL diver-
gence is 0, which is defined as

DIKL(q ∥ p) :=
∫ 1

0

Exr∼qr

[
log

qr(xr)

pr(xr)

]
dr, (10)

where qr and pr are the marginal interpolating distributions,
following the same noising process constructed by I .

The optimization gradient of Eq. (10) w.r.t. θ is
Er,xr

[
(∇θxr)

⊤
(∇xr log qr(xr)−∇xr log pr(xr))

]
. As

3This assumes the teacher is perfect, which is not true in practice.
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the score functions are interchangeable with the marginal
velocities [50], we can optimize with the following gradient
instead for correcting the student’s prediction:

∇θ Ez,n,r

[
Fθ(z, 1)

⊤sg
(
∆vN,u(Ir(fθ(z, 1),n), r)

)]
,

(11)

where n is sampled from the prior π like z. We verify that
Eq. (11) is also formulated by only sampling from π, free
from the risks of Teacher-Data Mismatch. Here, vN denotes
the marginal velocity of the noising flow constructed from
the generated distribution q with the interpolating function I ,
and ∆vN,u is the difference between vN and u. We illustrate
the high-level understanding of this mechanism in Fig. 5.

Since vN is unknown, we approximate it with another on-
line network gψ

4, full-parameter [48, 95, 97, 98, 107, 108]
or LoRA [24, 53, 85], with loss in Eq. (2). More specifically,
for a pair of samples fθ(z, 1) and n, the conditional nois-
ing velocity is −∂rIr(fθ(z, 1),n), and we arrive at vN by
taking the expectation over z ∼ π and n ∼ π:

Ez,n,r ∥ gψ(Ir(fθ(z, 1),n), r) + ∂rIr(fθ(z, 1),n) ∥2 .
(12)

We highlight the similarity of the gradient forms between
Eq. (9) and Eq. (11). Consequently, we identify that the
optimality of the student is also equivalent to the alignment
between the model’s noising velocity and the underlying
velocity. That is, Eq. (10) evaluates to 0 if and only if
∆vN,u = 0. Such a velocity alignment perspective offers a
series of new understandings, which provide the essential
reasoning behind the practical design choices discussed later
in Sec. 5.1. We further note that a comprehensive correc-
tion procedure should correct the full predicted trajectory of
the student, rather than only the end sample considered in
Eq. (10). However, we do not find such a design helpful in
the experiment settings we considered in Sec. 5.

5. Experiments
We empirically validate our proposed method on Ima-
geNet [63] at 256×256 and 512×512 resolutions using FID-
50K [19], with implementation details provided in App. B.

5.1. Design Decisions
We analyze each design choice through targeted qualitative
and quantitative studies, presenting key findings in the main
text and deferring full analyses to the App. A. Unless speci-
fied otherwise, we adopt the DiT-B/2 architecture [55], use
the pre-trained SiT-B/2 [50] as u and student initialization,
train the model for 400K iterations (roughly equivalent to 80
epochs with a batch size of 256) with uniformly sampling

4Further parameterizations on gψ are permissible.

r sampling; Eq. (11) FID ↓

LogitNormal(-0.4, 1.6) 6.24
LogitNormal(0.0, 1.6) 5.95
LogitNormal(0.4, 1.6) 5.78
LogitNormal(0.8, 1.6) 5.63
LogitNormal(1.2, 1.6) 5.78

(a) r sampling. More emphasis on
higher noise levels leads to better
results when aligning vN and u.

r range; Eq. (11) FID ↓

[0, 0.6] 91.82
[0, 0.7] 24.62
[0, 0.8] 9.00
[0, 0.9] 6.64
[0, 1.0] 6.02

(b) r range. With a uniform distri-
bution over r, dropping higher noise
levels leads to worse results.

interval; Eq. (11) FID ↓

[0, 0.5] 7.09
[0, 0.6] 5.72
[0, 0.7] 5.63
[0, 0.8] 6.44
[0, 0.9] 7.41
[0, 1.0] 8.65

(c) Guidance interval. Compared
to teacher sampling, a more aggres-
sive guidance interval is better.

objective k FID ↓

Eq. (9)
0.0 11.91
0.5 11.71
1.0 12.40

Eqs. (9) and (11)
0.0 43.53
0.5 10.58
1.0 5.58

(d) Gradient weighting. With
both objectives, stronger decay on
∆vG,u leads to better training.

Table 1. Empirical investigations of various design decisions.

γ ∈ [1, 2], and evaluate with the best γ = 2. We begin with
designs specific to training with one of Eqs. (9) and (11),
followed by studies on how to properly combine the two.

Sampling of r in Eq. (11). Traditionally, within the dif-
fusion framework and from the divergence minimization
perspective, the sampling of r in Eq. (11) often follows a
uniform distribution over the discretized steps designed for
generation [59, 85, 98]. Here, we provide a new perspective
on the Eq. (11), which drives our proposal on the sampling
distribution of r. Recall that the optimality of our correction
objective is ∆vN,u = 0, the alignment between the nois-
ing velocity of the model’s generated distribution and the
underlying velocity. The velocity fields induce a pair of
continuity equations ∂tpt(x) = −∇x · (pt(x)u(x, t)) and
∂tqt(x) = −∇x · (qt(x)vN(x, t)), which dictate the evolu-
tion of p and q. We note that p1 = q1 = π by construction,
and the gap between p0 and q0 can be understood as the
time-integrated accumulation of the differences in their cor-
responding probability fluxes. This understanding suggests
we place a greater emphasis on higher noise levels, and we
empirically validate this intuition in Tabs. 1a and 1b.

Handling guidance in Eq. (11). The usual treatment for
including guidance in Eq. (11) is the same as in Eq. (9):
replacing it with the guided velocity uγ . However, we high-
light that there is a subtle but major difference between vG
and vN. In a traditional flow model training with Eq. (2),
we essentially train the model to learn a dataset’s noising
velocity, and use it as the generating velocity during sam-
pling, i.e., the two velocities are identical as they describe
the same process. However, this equivalence no longer holds
in the presence of techniques like CFG [29, 103], and the
distinction is especially prominent at high noise levels. We
resort to dropping the guidance application at high noise
levels, in a similar fashion to the guidance interval [34] used
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Figure 6. Performance is robust across α.
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Figure 7. Synergy between Eqs. (9) and (11).

SiT-XL/2: 2.15

Figure 8. Inference-time scaling.

for flow sampling. Furthermore, as demonstrated in Tab. 1c,
we stress that their empirical behaviors are different, and
one typically needs to limit the interval significantly more
aggressively (the pre-trained SiT-B/2 does not benefit from
guidance interval with γ = 2) in our correction objective.

Adaptive gradient balancing between Eqs. (9) and (11).
We now discuss how to fuse the training signals from Eqs. (9)
and (11). First, in a similar manner to prior works [12, 14],
we decide to split the training batch between the predic-
tion and correction objectives (75% and 25%, respectively),
since correction is slightly more expensive compute-wise.
Then, we adopt an adaptive gradient balancing strategy [10],
where the correction gradients are scaled by some dynamic
weight λ before concatenating with the prediction gradients.
With the form similarity between Eq. (9) and Eq. (11), and
the observation that both optimizations lack aleatoric un-
certainty [31]5, we design λ = α

E∥∆vG,u∥
E∥∆vN,u∥+ϵ , where the

expectation is taken over the mini-batch and ϵ = 10−6 is
used for numerical stability. We show that the model perfor-
mance is robust across a wide range of α in Fig. 6.

Gradient norm manipulations in Eq. (9). We note that we
can change the magnitude of ∆vG,u freely without changing
the optimal solution, which can also be understood as chang-
ing the loss metrics [13]. Concretely, we can scale ∆vG,u

with per-sample positive weights. Prior works [13, 14, 76]
mostly explored scaling with 1/(∥∆vG,u∥2 + ε)k, where
ε = 10−4 is used for numerical stability and we vary the
power term k. Since the actual weighting applied depends on
the original norm of ∆vG,u, which changes with the dimen-
sion of data d, we first divide it by

√
d so that it is dimension

invariant before calculating the weight. We note that such
a weighting design corresponds to applying a power-law
decay on ∆vG,u, and a larger k indicates a stronger decay,
effectively dampening the gradient contributions. In Tab. 1d,
we find that the model prefers weightings with a stronger
decay when training with both Eqs. (9) and (11). We hypoth-
esize that this is because their signals may not always agree
with each other in practice, and by applying a dampener on
∆vG,u, we mitigate the conflict between the two objectives
and promote a more harmonious joint optimization.

5∆vG,u and ∆vN,u represent the quality of alignments, unlike Eq. (2).

5.2. Main Results

Comparisons with prior work. In Tab. 2, we benchmark
our approach against existing proposals for learning fast
flows on class-conditional ImageNet [63] generation at both
256×256 and 512×512 resolutions. We highlight three key
findings from our main results. (1) Our method achieves
state-of-the-art performance by a significant margin. Dis-
tilling from SiT-XL/2+REPA [100], our method reaches an
impressive FID of 1.45 on 256×256 and 1.49 on 512×512,
greatly outperforming prior proposals. (2) Competitive per-
formance is realized very early in training. Our model
surpasses the final performance of many strong baselines
after only 100K iterations (≈20 epochs), demonstrating ex-
ceptional training efficiency. (3) Our student faithfully
reproduces the teacher’s full capabilities with 1-NFE.
Our distilled model consistently stays within 10% of the
teacher’s original performance with only a single step, even
when the teacher employs advanced training techniques like
REPA [100], and sampling techniques like guidance inter-
vals [34]. This is a critical advantage over training fast flows
from scratch: it allows us to seamlessly inherit the benefits
of complex teacher training recipes, which can be compli-
cated to adopt [36], simply by distilling the final product.
Crucially, we emphasize that our results are achieved using
only the pre-trained teacher model, without requiring access
to a single sample from an external dataset, real or synthetic,
thus validating the effectiveness of the data-free paradigm.

Synergy between prediction and correction. While theory
suggests that either learning the flow trajectories (Eq. (9)) or
matching the marginal distributions (Eq. (11)) could suffice
for generation, we find that neither is robust in isolation.
The prediction objective, when used alone, falls victim to
the error accumulation identified in Sec. 4.1, plateauing at
suboptimal fidelity (blue line in Fig. 7). Conversely, train-
ing only with the correction objective (Eq. (11)) leads to
gradual mode collapse and performance degradation (green
line in Fig. 7; also gray baseline in Fig. 6). Fig. 7 illustrates
the powerful synergy realized by our framework on a SiT-
XL/2 teacher. By combining both signals at their optimal
settings, we achieve performance strictly superior to either
independent component. The prediction signals construct
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Table 2. Class-conditional generation on ImageNet 256×256 and 512×512. * indicates the use of AutoGuidance [29]. Methods marked
with † are initialized from pretrained models. Crucially, unlike other listed distillation baselines, ours is constructed to be entirely data-free.

Class-Conditional ImageNet 256×256

Method Epochs #Params NFE ↓ FID ↓
Teacher Diffusion / Flow Models

SiT-XL/2 [50] 1400 675M 250×2 2.06
SiT-XL/2+REPA [100] 800 675M 434 1.37

Fast Flow from scratch

Shortcut-XL/2 [12] 250 675M 1 10.60
128 3.80

IMM-XL/2 [106] 3840 675M 1×2 7.77
8×2 1.99

STEI [42] 1420† 675M 1 7.12
8 1.96

MeanFlow-XL/2 [14] 240 676M 1 3.43
1000 2 2.20

DMF-XL/2 [36] 880† 675M 1 2.16
4 1.51

Fast Flow by distillation

Teacher: SiT-XL/2 (FID = 2.06)

SDEI [42] 20 675M 8 2.46

FACM [57] – 675M 2 2.07

FreeFlow-XL/2 20 678M 1 2.24
300 1 1.69

Teacher: SiT-XL/2+REPA (FID = 1.37)

FACM [57] – 675M 2 1.52

π-Flow [7] 448 675M 1 2.85
2 1.97

FreeFlow-XL/2 20 678M 1 1.84
300 1 1.45

Class-Conditional ImageNet 512×512

Method Epochs #Params NFE ↓ FID ↓
Teacher Diffusion / Flow Models

SiT-XL/2 [50] 600 675M 250×2 2.62
SiT-XL/2+REPA [100] 400 675M 460 1.37

EDM2-S* [29] 1678 280M 63×2 1.34

EDM2-XXL [30] 734 1.5B 82 1.40
EDM2-XXL* [29] 63×2 1.25

Fast Flow from scratch

sCT-XXL [45] 761† 1.5B 1 4.29
2 3.76

DMF-XL/2 [36] 540† 675M 1 2.12
4 1.68

Fast Flow by distillation

Teacher: EDM2-S* (FID = 1.34)

AYF-S [64] 80 280M 1 3.32
4 1.70

Teacher: EDM2-XXL (FID = 1.40)

sCD-XXL [45] 320

1.5B

1 2.28
2 1.88

sCD-XXL+VSD [45] 32 1 2.16
2 1.89

Teacher: SiT-XL/2 (FID = 2.62)

FreeFlow-XL/2 20 678M 1 3.01
200 2.25

Teacher: SiT-XL/2+REPA (FID = 1.37)

FreeFlow-XL/2 20 678M 1 2.11
200 1.49

the generative path, while the correction signals act as a
stabilizer to rectify compounding errors, ensuring consistent
improvement throughout training.

Inference-time scaling. The recently proposed inference-
time scaling framework [51, 72] offers a promising avenue
to trade additional compute for generation quality. However,
existing search strategies typically require the full integra-
tion of ϕu for every candidate, making the search process
prohibitively expensive. We propose a more efficient alter-
native: by distilling the teacher into a flow map, we create a
fast proxy that retains the teacher’s mapping from noise to
data. This allows us to conduct the expensive search using
the cheap, one-step student, transferring only the optimal
noise to the teacher for final generation. We investigate a
Best-of-N search with an oracle verifier [51], employing
our student (trained for only 20 epochs) to guide the fixed
SiT-XL/2 teacher. As shown in Fig. 8, this approach dras-
tically improves the teacher’s sampling quality. Crucially,
the results highlight the benefit of our prediction objective
(Eq. (9)): while the correction-only model (Eq. (11)) yields
improvements, it is notably less efficient at identifying trans-
ferable noise candidates due to a lack of guaranteed trajec-
tory alignment. Our combined objective, by enforcing strict

consistency with ϕu, enables a much more effective search.
With a total budget of only 80 NFEs, our method outperforms
the teacher’s standard classifier-free guidance sampling at
128 NFEs. This result demonstrates a powerful practical
trade-off: by shifting a fraction of the inference burden to
a short distillation phase, we enable the compute-efficient
deployment of large-scale diffusion models.

6. Conclusion

In this work, we challenge the conventional reliance on ex-
ternal datasets for flow map distillation. We identify a fun-
damental vulnerability in this practice, the Teacher-Data
Mismatch, and argue that a static dataset is an inherently
unreliable proxy for a teacher’s full generative capabilities.
This data-dependency is not only risky but also unneces-
sary. Our principled, data-free alternative, formulated as a
predictor-corrector framework, resolves this mismatch by
construction as it samples only from the prior. Our strong em-
pirical results, which establish a new state-of-the-art, confirm
the practical viability and strength of this data-free paradigm.
We believe this work provides a more robust foundation
for accelerating generative models and hope it motivates a
broader exploration of flow map distillation without data.
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