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TRAINING FLOW MATCHING: THE ROLE OF WEIGHT-
ING AND PARAMETERIZATION

Anne Gagneux*'  Ségoleéne Martin* 23 Rémi Gribonval® Mathurin Massias®

ABSTRACT

We study the training objectives of denoising-based generative models, with a
particular focus on loss weighting and output parameterization, including noise-,
clean image-, and velocity-based formulations. Through a systematic numerical
study, we analyze how these training choices interact with the intrinsic dimension-
ality of the data manifold, model architecture, and dataset size. Our experiments
span synthetic datasets with controlled geometry as well as image data, and com-
pare training objectives using quantitative metrics for denoising accuracy (PSNR
across noise levels) and generative quality (FID). Rather than proposing a new
method, our goal is to disentangle the various factors that matter when training a
flow matching model, in order to provide practical insights on design choices.

1 INTRODUCTION

Flow matching (FM; Lipman et al., 2023; Albergo & Vanden-Eijnden, 2023; Liu et al., 2023) and
diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2021) are the state-of-the-
art generative methods. Despite widespread adoption, many fundamental questions remain open,
most notably regarding our understanding of why these models perform so well in practice. In this
work, we seek to shed new light on some critical design choices:

Which loss weightings and parameterizations should be preferred during training, and how do
these choices depend on the architecture and data regime?

To answer this, we unify different target predictions under a common weighted denoising formula-
tion. This viewpoint allows us to directly relate denoising performance, measured at different noise
levels, to generative performance. We make the following contributions:

1. For weights (Section 4): We provide statistical theoretical insights into why the weights cor-
responding to flow-matching and signal-to-noise ratio perform robustly across a wide range of
settings. To the best of our knowledge, this offers the first principled explanation for this
empirical observation.

2. For parametrizations (Section 5): Recent works show superior performance of denoiser parame-
terization (parametrization predicting the clean image), and motivate it by a manifold assumption.
We find that while this behavior indeed holds in certain settings, velocity parameterization still re-
mains more effective across many scenarios. In particular we show that, more than the manifold
assumption on its own, the locality induced by the network architecture as well as the data
regime have a critical influence when deciding between denoiser or velocity parametrizations.

2 BACKGROUND AND RELATED WORKS

Flow matching and diffusion are equivalent in the case of Gaussian source distribution (Gao et al.,
2025): we use the flow matching conventions, but the results are easily translated for diffusion.
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Background on flow matching The generative process is defined over time ¢ € [0, 1], with an
initial sample x¢ ~ po and a target sample x1 ~ p1. To connect with the concept of denoisers in the
sequel, we further assume that the latent distribution is standard Gaussian: pg = N(0,1;), and we
work in the setting where the coupling p(,, ) is the product coupling py ® p;1. In flow matching,
generation of new samples is performed by solving on the differential equation &(t) = v(z(t),t)
from ¢t = 0 to 1, using as initial condition z(0) = x¢ ~ po. The function v : R? x [0,1] — RY
is called the velocity, and the generated sample is simply the ODE solution at time ¢ = 1, namely
z(1); for an appropriate velocity, it should behave like a sample from p;. In practice, the velocity is
parametrized by a neural network vg and learned by solving:

Inain Etwu[o,l],xofvpo,xlfvm “|U9(:Ctvt) - (xl - xo)”z] ) (1)

where z; := (1 — t)xo + tx; is the linear interpolation between x and ;. It is well-known that the
solution v* to this problem (over all measurable functions) is given by the conditional expectation,
v*(z,t) = Elay — 2o | @ = 2, t].

Two important variations can be made in (1): first, it is possible to use a time-dependent weight in
the loss to prioritize some noise levels, thus improving performance in some cases. Second, a quick
computation shows that v*(z,¢) also equals E[xll‘rftjm]*x and wiE[milmt:m]. Therefore, having a
network vy learn v* (so-called v-prediction) is theoretically equivalent to having a network x¢ learn
E[z1|x; = x] (denoising, aka z-prediction) or a network ey learn E[xg|x; = ] (noise prediction,
aka e-prediction). We review these approaches below.

Loss weightings Ever since the first successes of diffusion, a large body of work has studied the
choice of training objectives and loss weightings across time (Hang et al., 2023; Kingma & Gao,
2023). We briefly review this literature with the notations of the diffusion framework, which we adopt
in this paragraph for simplicity. We consider the variance-preserving diffusion process, where noisy
samples are generated as z; = oz + o4&, with e ~ N(0, 1), af + af = 1, and time evolves from
t = T (pure noise) to ¢ = 0 (clean data). Regarding loss weighting, the original diffusion formula-
tion of Ho et al. (2020) employs an unweighted e-prediction loss, E[|le — eg(z,¢)||?]. Viewing the
problem as denoising, with the change of variable Dy(z,t) = (Id — 0,&%(z,t))/cu, this is equiva-
lent to minimizing a denoising loss ||z — Dg(x,t)||* but with an additional loss weighting equal
to the SNR, a7 /o?, prioritizing denoising of almost clean images. Several works have proposed
alternative weightings to emphasize specific noise regimes. For instance, in z-prediction, Salimans
& Ho (2022) suggest the weighting max(a? /o, 1), while Yu et al. (2024) use o /o¢. Compared to
the aforementioned SNR weighting, both assign increased importance to large noise levels, which
are argued to be more difficult and critical for error propagation during sampling. Interpreting dif-
fusion training as a multitask optimization problem, Hang et al. (2023) observe gradient conflicts
between noise levels and, with a similar objective, propose clipping the weighting as min(a? /0?2, v)
to avoid over-emphasizing low-noise, easy denoising tasks. In contrast, Choi et al. (2022) introduce
the P2 weighting, which emphasizes intermediate noise levels under the hypothesis that perceptually
relevant features emerge during this “content” phase. We emphasize that so far, these design choices
rely on empirical observation and heuristics, and a consensus has not been reached.

Unifying perspectives Several works have proposed unifying views on loss weightings in dif-
fusion and flow-matching models. In particular, Kingma & Gao (2023) reinterpret a wide range
of objectives and weightings, including flow matching, as differently weighted ELBO formulations,
while Kumar et al. (2025); Gao et al. (2025) systematically relate common parameterizations (noise,
score, velocity) to the loss weightings they induce. While these works provide valuable theoretical
unification, they do not investigate why and when different weighting choices lead to substantially
different empirical performance. In Section 4, we address this gap through a denoising-based anal-
ysis that directly connects loss weighting to both denoising and generation performance.

Data-prediction versus velocity-prediction In contrast with flow matching, which traditionally
uses v-prediction, most diffusion implementations followed Ho et al. (2020) and train networks to
predict the noise €. Nevertheless, v-prediction or x-prediction have also been explored (Salimans &
Ho, 2022; Hang et al., 2023). In particular, a recent work by Li & He (2025) advocates that, real
data lying on a low dimensional manifold (De Bortoli, 2022), z-prediction should be preferred, as
the network’s task is thus made simpler. Subsequent work by Jin & Wang (2026) provably show on



Preprint. Under review.

Table 1: Summary of the denoising weights (left) and parametrization classes (right). Design choices
are usually paired by row (e.g. w,, with Cqen), but any combination is possible.

Weights ‘ Parametrization classes C

wfien =1l Cden: D(l’,t) = Na(xat)

Cyel: D(z,t) =z + (1 —t)N¥(z, 1)
Croise: D(z,t) = (x — (1 — )N (1)) /t

Welassic — 1[(1+0max)’1,1] (t) 2

toy linear models the benefits of x-prediction when the data lives in a low dimensional subset of a
large space. In Section 5, we revisit this take and show the importance of other factors beyond the
manifold assumption.

3 GENERATION AS DENOISING

Any choice of target between the clean image, the noise and the velocity naturally induces a choice
of parametrization (i.e., what the network outputs) together with a regression loss. However, any
combination of parameterization and loss is in fact possible (e.g. having the noise as the output of the

0
neural network N?, but regressing against the clean image in the loss: E[||z; — M| D;

see for example (Gao et al., 2025, Sec. “Training”) or Li & He (2025, Table 1).

A common ground for comparison To express all losses in a common framework for easier
comparison, we lay down what these choices lead to from the point of view of the denoising problem.
We thus write all instances as:

minimize £(D) = E ;. y0,1) [w'[|D(ze,t) — a1 |] . 2)

xzo~N(0,14)
T1~p1

where C is the class of learnable functions the denoiser belongs to, which is determined by the choice
of targeted network output!, and £(D) is the training loss. In the end, all possible choices only end
up differing by the value of the weighting w! they induce and the parametrization class C (explicit
values are summarized in Table 1). Even though all versions of the loss £ share the same minimizer
regardless of the choice of the weighting scheme w?, restricting minimization to a parametric and
learnable function class C leads to different solutions in practice.

Parametrization classes The formulas are obtained by noticing that the ideal denoiser is
E[z1|z: = ], which is also equal to z+ (1 —t)E[z1 —zo|z: = «] and (z — (1 — ¢)E[zo|z: = 2]) /2.
Translating these two relationships to trained velocities, denoisers or noise predictors yields the
classes Cgens Cvel and Cpoise respectively:

Cien = {D:R¥x [0,1] 5 R | D =N’ 6 c O}, )
Cyer = {D: R x [0,1] - R? | D(-,t) = Id + (1 — t)N’(-,t), 6 € O}, 4)
Cuoise = {D : R % [0,1] = R?| D(-,t) = § (Id — (1 = )N°(~,1)) , 6 € O}, )

where N? is any neural network with trainable parameters 6 € ©.

Losses and induced weightings As far as the regression target is concerned:

e Usual least-squares regression on the clean image 1 corresponds to (2) for w® = 1.
D(z,t)—z
-t
can rewrite the loss under the form (2) for w® = 1/(1 — t)%.

* For least-squares on the velocity v: using v(z,t) = together with 7 — o = L=, one

1-t °

'we emphasize that D is not necessarily the network output: we only rewrite the problem in terms of
denoiser, but the network N 0 may output an estimate of v, x1 or xg
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* For least-squares on the noise x(, using that the noise estimate equals %_(f’t) while the noise is
. . 2 . .
Ty = ’"’1_7_";"1 yields the weight w! = (1i7t)2’ which is the SNR.

Beyond these three choices, we also study classical denoisers, i.e. as they were used prior to
the generative era: parameterized by a noise level o and trained on inputs z, = x1 + oz (not
x¢). Such denoisers D are usually trained on noise levels ranging from 0 to oax, by mini-

mizing £(D) = Eo 24([0,0max]) [Hﬁ(xg, o) — x1]|?| which is equivalent to using the weighting”

w(flassic = 1[(1+anax)_1;1] (t)/t2

Decoupling weightings and parametrizations Usually, weighting w!, is coupled with
parametrization Cqey,, and similarly for the other pairs. However, any combination is possible, and
we will indeed show next that such decoupling is desirable. For example, with parametrization Cqep,
it is preferable to use w!  or w!, which we explain statistically in Section 4.

noise?®

4 EVALUATING THE IMPACT OF WEIGHTINGS

To disentangle the respective roles of parameterization classes from that of weightings, as a first
investigation, we evaluate several time-weighting strategies to train Flow Matching models. We
focus on the parametrization C,.j, which is the most commonly used in practice. Experiments are
conducted on CIFAR-10 (32x32, Krizhevsky & Hinton, 2009) and CelebA-64 (64 x64, Yang et al.,
2015). All models share the same U-Net architecture and training hyperparameters, taken from the
standard FM setup (full details are provided in Appendix A). To isolate the effect of weighting alone,
the time t is uniformly sampled during training: note that Li & He (2025), when comparing losses,
opt for a non-uniform sampling logit(¢) ~ N (0, 1) which further modifies the weighting in practice.

Metrics For generative models it is customary to report the Fréchet Inception Distance (FID,
Heusel et al., 2017), which measures the similarity between generated and real image distributions
in a feature space. However, evaluating the quality of a denoiser at each noise level provides a
complementary perspective. We therefore introduce Peak Signal-to-Noise Ratio (PSNR) curves: at
a fixed time ¢ we compute the peak signal-to-noise ratio between the denoiser output D(x,t) and
clean images x;. Higher PSNR indicates more accurate denoising. Unlike FID, PSNR evaluation
is fast, does not require natural colour images, and pinpoints the noise levels at which a model per-
forms poorly. Moreover, PSNR reveals overfitting: a model that memorises the training data might
achieve excellent FID but poor PSNR because its denoiser output collapses to training examples.

3 30 40
o W\t/el Wrtmise
2 25 ¢ ¢ 30
& 2.0 Wien Welassic —~
([ 2
15 20
% 1.0 “ 10
£
o, xr___.___._// 0 o
o X o 3 X9
% 0.0 — — W \“‘00\6 & &
% 0.0 0.2 04 0.6 0.8
(a) Difference in PSNR (lower is better) between the refer- (b) FID on 50k train images (lower is better).

ence wly, and various models, computed on 1000 test im-
ages. The parametrization class is here set to Cyel.

Figure 1: PSNR and FID for the different losses, CIFAR-10. Models that reach the highest PSNR
(low difference in PSNR compared to standard FM, w? ;) also reach the lowest FID.

vel

%in other words, classical denoisers cannot handle very low SNR regimes except if trained with unbounded
noise levels. In practice, we set Omax = 19 50 that tmin = 1/(1 + 0max) = 0.05 — in traditional denoising,
models are usually trained with noise level at most o = 100/255 ~ 0.4
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Numerical results Figure 1 reports both denoising quality (PSNR) and generation quality (FID)
for the different weightings on CIFAR-10 (see Figure 7 for CelebA-64). A first notable observation is
that denoising performance and sample quality are strongly correlated: models achieving better
PSNR also tend to obtain better FID. The best results are consistently obtained with the SNR

weighting w! ;. = ﬁ, which achieves both the highest PSNR and the lowest FID. The standard
t 1

Flow Matching weighting w;, = iz comes second, with performance very close to the SNR
one. Interestingly, these weightings prioritize the low-noise regime (¢ close to 1), where denoising
might appear easier, yet it remains crucial for overall performance. Moreover, we investigated other
exploding weightings of the form w! = (1 — ¢)~? with p € {1,3}. These variants perform worse
than the standard choice p = 2 (see Appendix B) arguing for optimality of the quadratic scaling of
wt,, that we further investigate statistically below in Section 4.

We also examine the classical weighting w,, ;.. which is implicitly adopted in much of the imag-
ing and inverse problems literature. Our experiment indicates that this choice is suboptimal when
training over a wide range of noise levels, even for pure denoising tasks. We provide the same
comparison using the alternative parametrizations Cge, and Cpeise in Appendix B, with identical
conclusions.

Understanding optimal weightings near £ =1 We now leverage the denoising viewpoint to shed
light on why the two best performing weightings, Flow Matching and SNR, behave like 1/(1 — ¢)?
ast — 1. To do so, we draw a conceptual link with classical results on inverse-variance weighting in
heteroscedastic regression and maximum likelihood estimation (Shalizi, 2013; Schick, 1997; Aitken,
1936).

In a regression setup, we consider the rescaled variable y; = %t = xp + %1’0, i.e. a noisy
observation of ;. The learning objective is therefore to estimate the conditional mean denoiser
E[z1|y: = y] with a neural network fy(y,t). Since the noise level depends on ¢, this is an het-
eroscedastic regression problem, and a natural approach is to model the conditional distribution

p(z1|y: = y) and estimate E[z1|y; = y] by maximum likelihood.

When ¢ — 1, the corruption level goes to 0, so the conditional distribution p(x1 |y; = y) concentrates
around its mean. In this regime, we approximate the posterior by a Gaussian distribution: p(z1|y; =
y) = N (E[z1|ys = y], £(t)), with a covariance () — 0 as t — 1. Replacing the unknown
conditional mean by its neural approximation yields the model py (21 |y, t) ~ N (z1; fo(y, 1), B(t)).
A natural way to estimate fy is then through maximum likelihood. Up to an additive constant, at a
fixed time ¢, the negative log-likelihood equals  (z1 — fo(y,t)) " S(t) " (21 — fo(y,t)) . Since the
same parameters 6 are shared across all ¢, training requires averaging this objective over both ¢ and
the data distribution. This leads to the weighted regression loss

E|(z1 — fo(ye, 1)) ") (@1 — folye, 1)) (6)

Therefore, maximum likelihood naturally prescribes an inverse-covariance weighting: time steps
where the conditional variance is small (in particular near ¢ = 1) should receive larger weight. This
provides a statistical justification for weightings that diverge as ¢ — 1. This is indeed the case of
w(t) o< (1 —¢)~2, and we now specifically investigate the optimality of this scaling on a toy model.

Finally, to make this reasoning explicit, we consider the analytically tractable setting where the
data is Gaussian: in addition to zg ~ N(0,1), z; ~ N(0,721). In this linear-Gaussian case, the
posterior admits by Bayes formula the closed form:

-1

2 . 2

x1|(ye =y, t) ~ ./\/'(724-671’/)2 v, Jgost(t)f), with opest () = (}2 + 7(1315)2) @)
T

From (6), the optimal weighting is therefore a;fst(t) =L+ ﬁ In particular, as t — 1,
we recover the growth in ﬁ which matches both SNR and standard Flow Matching weighting.

Thus, in this model, the empirically successful choice w(t) ~ (1 —t)~2 emerges directly from
inverse-variance weighting under a maximume-likelihood interpretation.
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(a) Difference in PSNR (lower is better) between the refer- (b) FID on 50k train images (lower is better).

ence Cyel, and other parametrizations, computed on 1000 test
images. The weight is set to w,;.

Figure 2: PSNR and FID for the different parametrizations, CIFAR-10. Models that reach the
highest PSNR (low difference in PSNR compared to standard FM) also reach the lowest FID.

5 EVALUATING THE IMPACT OF PARAMETRIZATIONS

We now turn to the role of parametrization and first assess the denoising and generation performance
for each choice of parametrization, as done for the weightings in Figure 1; the weighting scheme
is fixed to w! (results for the other weighting schemes, as well as additional results on CelebA-
64, are in Appendix B). Figure 2 demonstrates that the velocity parametrization C,.; consistently
gives better performance, regarding both generation and denoising at every noise level (i.e., at
every time t). The noise parametrization fails critically at early times (high noise levels), which can
be understood from a simple geometric consideration: when ¢ — 0, the denoiser should output the
mean of the data distribution. This behavior is prevented by the factor 1/t in Cyeise, Which explodes
at large noise levels. In addition, these experiments show that learning only the noise (Cyoise) Or the
clean image (Cqep) results in a degraded denoising performance.

Is the velocity parametrization really optimal? Our first experiments consistently favor veloc-
ity parameterization on both CIFAR-10 and CelebA-64. This is in agreement with early FM results
by Lipman et al. (2023, Table 1), who already put forward that velocity prediction outperformed
noise prediction and score prediction. However, Li & He (2025) recently reported conclusions that
appear to contradict these findings, showing that the denoiser parameterization Cqe, significantly
outperforms the velocity parameterization on both toy spiral datasets and ImageNet-256. They at-
tribute this behavior to the so-called manifold assumption, under which natural images are assumed
to lie on a low-dimensional manifold of the ambient space, making the direct prediction of clean
data comparatively simple. In contrast, the velocity and noise parameterizations require the network
to predict a term containing noise, thus of full dimension. As a consequence, and as demonstrated
numerically by the authors, strongly increasing the dimension degrades the performance of Cy.; and
Choise, While the performance of Cg4e,, remains comparatively stable.

In what follows, we aim to bridge this apparent discrepancy and reconcile our empirical findings
with those of Li & He (2025). Unlike the choice of the weighting scheme, we argue that the
optimal parameterization cannot be determined in isolation. Instead, we show that this choice
is strongly tied with the data properties and the chosen architecture.

There are two key differences between the setting of Li & He (2025) and ours (or those of Lipman
et al. 2023):

* Data dimensionality: So far, our numerics considered resolutions up to 64 x 64 whereas Li & He
(2025) are interested in high-resolution generation, with dimensions up to 1024 x 1024.

* Architecture: Li & He (2025) introduce the JiT architecture, which is essentially a Vision Trans-
former (ViT, Dosovitskiy et al., 2021) with large patch size, whereas we use U-Nets.

Limited impact of dimensionality alone We first investigate the impact of data dimensionality:
we consider CelebA 128 x 128 while keeping the same U-Net architecture and capacity as for
CelebA 64 x 64: the velocity parameterization still outperforms the denoiser prediction (see Ap-
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pendix B,Table 5). Regarding generation in pixel space at higher resolutions, Hoogeboom et al.
(2023), who consider resolutions up to 512 x 512, also discard noise prediction due to observed
instability at large noise levels and advocate for the velocity parametrization. Overall, this suggests
that data dimensionality itself is not the primary factor behind the failure of velocity parametrization
observed by Li & He (2025).

The striking impact of architectures: ViTs versus U-Nets We now investigate how changing the
network architecture from U-Net to ViT changes the comparison between parametrizations. While
U-Nets process images at multiple downscaled resolutions of the initial image using local convolu-
tions, the ViT architecture splits the image into non-overlapping patches that communicate globally
through a self-attention mechanism. In Figure 3, we find out that the patch size crucially affects
the performance comparison between velocity and denoiser parametrizations. For a given data
dimension, increasing the patch size reduces the number of input tokens.

* For small patches, the velocity parametrization outperforms the denoiser parametrization.

 For larger patch sizes, training is faster. As the patch size increases, the overall performance
decrease for both parametrizations. Yet, the denoising parametrization demonstrates better ro-
bustness, with complete failure of C,., for very large patches.

Across their experiments, Li & He (2025) keep the ratio between the patch size and the image
dimension fixed: regardless of dimension, a patch contains the same amount of information about
the image. As a result, the authors report failure of the velocity parametrization in high-resolution
settings, where they use large patch size (16 for ImageNet256), while in lower-resolution, with small
patch size (4 for ImageNet64), the velocity prediction performs well. In contrast, we show that large
patch size alone seems sufficient to explain this phenomenon.

Our experiments reveal a clear link between architectural locality and the preferred training parame-
terization. Models with limited locality, i.e. ViTs with large patches, perform better when trained to
predict the clean data directly. Conversely, models with strong local inductive bias, such as U-Nets
and fine-patch ViTs, benefit from the velocity parameterization.

—— UNet —— VIiT (patches 8 x 8)
VIiT (patches 4 x 4) —— VIiT (patches 16 x 16)
T .
§4 \.‘?e'& Architecture Cden Cyel
=
€3 ViT/4 19.16 12.21
|
=22 ViT/8 35.05 30.62
gt ViT/16 79.11 322.08
E ° Cvel > Cden .
0.0 0.2 0.4 0.6 0.8 (b) Train FID (50k).
t
(a) PSNR gap.

Figure 3: Denoising and generation performance of Cye versus Cqen, When varying the patch size in
the ViT architecture. CIFAR-10 (dimension 3 x 322). In the notation ViT/p, p denotes a patch size
P X p. indicates that Cqep, performs better than C,, red indicates the opposite.

Impact of the manifold dimension We introduce a synthetic 32 x 32 grayscale dataset whose
samples lie on a controllable, low-dimensional manifold in pixel space. Each image is generated by
activating only m selected 2D Fourier modes (with all other frequencies set to zero), sampling the
corresponding coefficients, and applying an inverse Fourier transform to obtain a real-valued image
(see Figure 4). The integer parameter m therefore directly sets the intrinsic dimension of the data
(details in Appendix A).
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We study how the intrinsic manifold dimension impacts
the relative performance of parameterizations on the syn-
thetic Fourier-32 dataset. For m € {4,8,16} we com-
pare Cqen against Cye). We run the comparison across four
architectures: a U-Net, a ViT with 4x4 patches, a ViT )y — 4 (b)m =8 (¢c)m =16
with 16x 16 patches, and an MLP; all models are tuned to

have approximately the same parameter count. Figure 5 Figure 4: 9 samples from the Fourier-32
reports APSNR(#) := PSNR(Cgen;t) — PSNR(Cye; t) for dataset with controlled manifold dimen-
m = 4,8, 16 and reveals two trends. sion m.

First, consistently with our CIFAR-10 findings, for a fixed manifold dimension the U-Net and the
small-patch ViT favor Cy,| (negative APSNR), whereas the large-patch ViT and the MLP favor Cyey,.
Second, the previously invoked “manifold assumption” stating that smaller intrinsic dimension
should particularly benefit C,.,, is only supported for the “coarser models” the ViT-16 and the
MLP: for these models, the advantage of Cye,, becomes more pronounced as m decreases. On the
other hand, the U-Net appears insensitive to the manifold dimension in terms of the Cge, Vs.
Cyel ordering. In Appendix A, we check that our PSNR metric correlates with the distance to the
manifold.

—— UNet  —— VIiT (patches 4 x 4) —— UNet  —— ViT (patches 4 x 4) —— UNet  —— VIiT (patches 4 x 4)
MLP —— VIiT (patches 16 x 16) MLP —— VIiT (patches 16 x 16) MLP —— ViT (patches 16 x 16)
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Figure 5: PSNR gap on the Fourier-32 dataset for intrinsic dimensions m € {4, 8, 16}, across four
architectures. indicates that Cqep, performs better than Cy, red indicates the opposite.

Beyond model architectures So far, we have shown that U-Nets are largely unaffected by data
dimensionality or manifold dimension, unlike ViTs or MLPs. However, even for U-Nets, other
considerations may influence the choice of parametrization. In particular, we show in Figure 6 that
the number of available datapoints in the training set is a crucial factor to take into account: in the
low data regime, with a fix budget of iterations, the denoiser parametrization largely outperforms the
velocity one (Figures 6a and 6¢), and, unexpectedly, leads to improved generalization (Figure 6b).
Implementation details are given in Appendix A.

—— n=10K —— n=100K —— n=10K —— n=100K
n=>50K n=>50K
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a4 g o0
£ L 25 10k 11.07 27.25
| |
< < -0 50k 8.98 x6.89
To| =t | £ s 100k 9.81 4.45
=2 {(vc\>(dcnj =2
g 02 0.4 06 0.8 Qoo 0:2 0.4 0.6 0.8
t t (¢) Train FID (50k)
(a) PSNR gap, test data. (b) PSNR gap, train data.

Figure 6: Denoising and generation performance of Cye) versus Cqen When varying the n, the num-
ber of datapoints in the training set. CelebA-64 grayscale (dimension 642). indicates Cyen
performs better than Cy,, red indicates the opposite.
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6 CONCLUSION

Within a unified denoising framework, we compare the weighting losses and parametrizations that
naturally arise when training diffusion and flow matching models, namely predicting the clean im-
age, the noise, or the velocity. Isolating each design choice enables us to numerically assess their
performance. It shows that one can benefit from decoupling the natural pairs of weighting and
parametrization, e.g. while noise weighting reaches top performance for all parametrizations,
noise parametrization has lowest for all weightings. Regarding the weighting scheme, we confirm
that the weightings w’ oc (1 — t)~2 are the go-to choice: we provide a theoretical justification
based on our denoising formulation. Choosing the right parametrization proves to be more complex:
we highlight the role of architectural inductive biases and data properties. Interestingly, our results
indicate that the choice of parameterization should be guided by the degree of locality encoded
in the architecture.
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A IMPLEMENTATION DETAILS

Training details All networks are trained with the same random initialization to ensure compa-
rability. For CIFAR-10 we train for 1000 epochs with batch size 128, and for CelebA-64 we train
for 300 epochs with batch size 128. We apply exponential moving average to stabilize training.
For CIFAR-10, the UNet architecture is taken from the t orchcfm library (Tong et al., 2024). For
CelebA-64, we use the U-Net architecture (Ronneberger et al., 2015) as in Ho et al. (2020).

The Fourier Dataset Let N € N and consider images © € RY*N, We generate samples by
defining a sparse complex Fourier spectrum & € CV*~ with exactly m active frequency indices
{(ks, £;) }.,. The set of modes is chosen either deterministically as the m lowest-frequency repre-
sentatives (Lowfreq, using the periodic radius 7(k, ¢) = min(k, N — k)% + min(¢, N — £)?) or
by a seeded random selection, optionally excluding the DC component (0, 0). For each sample, we
draw coefficients a; i.i.d. (Gaussian or uniform, with a scale parameter), populate  at the selected
indices and their conjugate-symmetric partners to ensure a real spatial signal, and set all remaining
Fourier coefficients to zero. We then compute

x = Re (ifft2(2)),

(using orthonormal FFT normalization) to obtain the pixel-space image. Finally, we apply a per-
sample normalization nonlinearity (typically tanh(az)) to bound the dynamic range to [—1, 1] for
training stability. Since only the m coefficients {a;} vary while the mode set is fixed, the generative
process has exactly m degrees of freedom, yielding a dataset with explicitly controlled intrinsic
dimension.

Distance to the Fourier manifold. Let X C {0,..., N —1}? denote the set of active Fourier
indices defining the m-dimensional Fourier manifold (including the conjugate-symmetric partners
needed for real images). Given a generated image = € [—1, 1]V *¥, we compute the orthonormal
2D Fourier transform z = JF(z) and define the spectral residual energy as the energy outside the
manifold support,

Eres(x) = Z |C/C\(k,£)’2

(k,0)gK

Lower values indicate that the generated image is closer to the m-mode Fourier manifold.

Influence of dataset size We train the U-Net architecture with weight w! ; on Celeba-64 grayscale
(image dimension 642). The total number of iterations is fixed to 150000. FID is computed with the
standard Inception backbone, with 3 channels R, G, B equal.

Table 2: Spectral residual energy mean for the FM loss on submanifold dimension dim = 16, across
parametrizations.

Cvel Cden Cnoise

Unet 9.70x10™* 1.46x1073  8.98x1073
ViT-4 2.40%x107%  559x1073  3.04x1072
ViT-16 3.23 2.03 3.56
MLP 237.75 7.42x1073 2072.68
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B ADDITIONAL RESULTS ON CIFAR10 AND CELEBA-64

Table 3: PSNR and FID for different time-weightings and parametrizations. PSNR computed on
1000 images; FID on 50k train images; CIFAR-10, 1000 epochs.

Weighting Class PSNR (1) FID (train 50k) (])
t=01 t=03 ¢t=06 t=09 ¢=0095

wly = 5 Caen | 1439 1820 2350 3296 3741 4.89
wh, =1 Caen | 1439 1820 2340 3264 3685 16.02
Whoise = T Caen | 1438 1818 2352 3299 37.45 4.60
Whase = mlistmm  Caen | 1439 1803 2289 3082  33.18 71.07
why = i Coo | 1439 1821 2354  33.02 37.47 3.90
wh, =1 Co | 1439 1820 2339 3267 36.91 10.29
Whise = [Torye Co | 1437 1819 2354 3305 3753 371
Whse = mlistmm  Cea | 1439 1803 2290 3100 3446 116.18
wh = s Coo | 1442 1822 2350  32.87 37.30 6.11
wt = Co | 1439 1815 2342 3295 37.47 8.76
wly = 75z Cooise | 1442 1821 2350 3294 3740 6.30
wh, =1 Cooise | 1441 1817 2331 3235 36.44 20.02
Whise = T Cooise | 1436 1820 2354  33.05 37.53 7.15
Whae = mlistnn  Cnose | 1441 1804 2289 3062 3404 13755

Table 4: PSNR and FID for different time-weightings and parametrizations. PSNR computed on
1000 test images; FID on 50k train images; CelebA-64, 300 epochs.

Weighting Class PSNR (1) FID (train 50k) (])
t=01 t=03 t=06 t=09 t=095

wly = e Caen | 1593 2079 2612 3483 38.81 14.54
whey =1 Caen | 1601 2098 2625  34.50 37.91 19.87
Whise = [Torye Caen | 1569 2075 2626 3507 39.05 12.11
Whasic = 2 Listas Caen | 1588 2019 2441 2935 29.81 85.44
wly = 5z Cwr | 1603 2108 2652 3533 39.34 4.45
wt, =1 Co | 1598 2087 2610 3440 38.06 18.83
Whse = T Cowr | 1600 2103 2646 3537  39.44 3.97
Whie = mlistnn  Cva | 1589 2026 2470 3134 34,67 133.93
wty = iz Cooise | 1590 2085 2625 3504 39.05 659.05
why, =1 Cooise | 1591 2075 2593  33.64 36.66 95.02
R Cooise | 1543 2097 2649 3541 39.49 681.05
Whase = Blistnn  Cuoiee | 1577 2034 2480  30.49 33.87 206.20

Table 5: PSNR and FID for different time-weightings and parametrizations. PSNR computed on
1000 test images; FID on 50k train images; CelebA-128, 300 epochs.

Weighting Class PSNR (1) FID (train 50K) ({)
t=01 ¢t=03 ¢t=06 ¢t=09 t=095

why = ﬁ Caem 17.75 22.71 28.03 36.28 40.17 23.0

why = (1%)2 Csil 18.03 23.31 28.55 36.82 40.79 5.62
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Figure 7: PSNR and FID for the different losses, CelebA-64. Models that reach the highest PSNR
(low difference in PSNR compared to standard FM) also reach the lowest FID.
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Figure 8: PSNR and FID for the different parametrizations, CelebA-64. Models that reach the
highest PSNR (low difference in PSNR compared to standard FM) also reach the lowest FID.
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