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Abstract

Consistency Training (CT) has recently emerged
as a strong alternative to diffusion models for im-
age generation. However, non-distillation CT
often suffers from high variance and instabil-
ity, motivating ongoing research into its training
dynamics. We propose Variational Consistency
Training (VCT), a flexible and effective frame-
work compatible with various forward kernels,
including those in flow matching. Its key inno-
vation is a learned noise-data coupling scheme
inspired by Variational Autoencoders, where a
data-dependent encoder models noise emission.
This enables VCT to adaptively learn noise-to-
data pairings, reducing training variance relative
to the fixed, unsorted pairings in classical CT. Ex-
periments on multiple image datasets demonstrate
significant improvements: our method surpasses
baselines, achieves state-of-the-art FID among
non-distillation CT approaches on CIFAR-10, and
matches SoTA performance on ImageNet 64 x 64
with only two sampling steps. Code is available
athttps://github.com/sony/vct.

1. Introduction

Generative Models are deep learning algorithms designed
to learn the underlying probability distribution of a given
dataset, in order to then generate samples coming from such
a distribution. Some widely used models are Generative
Adversarial Networks (Goodfellow et al., 2014), Variational
Autoencoders (VAE; Kingma & Welling, 2013; Rezende
et al., 2014), and Normalizing Flows (Chen et al., 2018;
Papamakarios et al., 2021; Kobyzev et al., 2020). More
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Figure 1. Comparison of 1-step generation on toy data for indepen-
dent and variational coupling. The data is sampled from a 2-d mix-
ture of Gaussians with means g1 = (0,0.5) and 2 = (0, —0.5).
On the bottom plot (our approach), we show the posterior probabil-
ities learned by the encoder (in blue and green) corresponding to
p(z | p1) and p(z | p2), and their cumulative sum approximately
recovers the prior distribution. The gray lines connect the samples
from the trained models to the corresponding input noise. More
details about the toy experiments are given in Appendix E.

recently, Diffusion Models (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Song et al., 2021b) have achieved state-of-the-
art (SoTA) results in several domains, including images,
videos, and audio (Dhariwal & Nichol, 2021; Rombach
et al., 2022; Karras et al., 2022; 2024; Ho et al., 2022; Kong
et al., 2021). However, a weakness of diffusion models is
the need for an iterative sampling procedure, which can
require hundreds of network evaluations. Therefore, sub-
stantial effort has been made to develop methods that can
maintain similar generation quality while requiring fewer
sampling iterations (Song et al., 2021a; Jolicoeur-Martineau
et al., 2021; Salimans & Ho, 2022; Liu et al., 2022; Lu et al.,
2022). Among such methods, a recent and promising di-
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rection is given by Consistency Models (CMs) (Song et al.regularized with an additional Kullback-Leibler (KL) diver-
2023). CMs, while sharing many similarities with DMs, gence term, VCT enables an end-to-end training procedure
use a different training procedure as they directly learn the&eompatible with various forward kernels. We demonstrate
probability ow equations rather than the score function.that this learned coupling effectively improves generation
CMs can be either trained by distilling the ODE trajectoriesperformance and scales well to high-dimensional data. A
of a pre-trained diffusion model (Consistency Distillation, simple and intuitive example is shown in Figure 1, where
CD), or completely from scratch through a bootstrap lossvith the same settings, the model trained with the learned
(Consistency Training, CT), which results in a novel generaeoupling generates samples closer to the data distribution.
tive modeling framework. However, the CT objective canFrom this gure, we can see how the learned coupling par-
be subject to high variance, making it dif cult to train. A titions the data differently from how the standard CT does,
follow-up work (Song & Dhariwal, 2024) analyses the train- effectively changing the form of the underlying ODE, likely
ing dynamics of CMs and proposes several improvementsesulting in an easier training objective as the prior noise
which result in a more stable CT procedure, achieving SoTAs partitioned according to the learned the data-dependent
results in few-step image generation. Since then, severabupling distribution.

works have proposed additional strategies to further improvq_

CT (Geng et al., 2025; Wang et al., 2024 Lee et al., 2025 he reminder of the paper is organized as follows: we rst
discuss relevant related CT methods and ow-based works
Yang et al., 2024).

employing coupling strategies. We then formulate CT from
A possible source of instability of CT training comes from the Flow Matching perspective, which is a generalization
the fact that different noise masks are applied to the samef the diffusion framework and it offers a more natural way
data point, creating ambiguity the target corresponding tao introduce the noise-coupling distribution. Finally, we
the given noisy state, especially early during training withdescribe our method, deriving similarities with Variational
coarse discretization steps. From a more mathematical pekutoencoders, and report our experimental results on com-
spective, training can be destabilized by sharp boundariesion image benchmarks.
in the ODE ow mapping, which can be hard to learn for
the model a.nd give raise to high variance in the stophasti%_ Related Work
gradient estimator. For example, the ODE ow for mixture
of delta distributions is de ned by a tessellation of the initial Since the introduction of Consistency Models in (Song et al.,
noise space, with discontinuities along all the borders. Sinc€023; Song & Dhariwal, 2024), several strategies have been
the standard CT approach with xed forward process cannoproposed to improve training stability. The work from (Geng
alter the target ODE ow, the optimum of the standard CT et al., 2025) proposes Easy Consistency Models (ECM) a
training can potentially be highly singular. The existencenovel training strategy where time steps are sampled in a
of these singularities depend on topological reasons (i.eontinuous fashion and the discretization step is adjusted
non-injectivity of the ODE ow mapping at! 0 (Cornish  during training, as opposed to the discrete time grid used
et al., 2020)). However, the issue can likely be amelioratedn iCT. It further shows the bene ts of initializing the net-
by altering the forward process during training, which canwork weights with the ones from a pretrained score model,
be used to change the location of the singularities. achieving superior performance with smaller training bud-
Awavioi . . . . get. (Wang et al., 2024) builds on top of ECM, introducing

y to implement this approach is to sample noise using L ; ; . o

. . . ; additional improvements and framing consistency training
conditional coupling function between data and noise. The

; . . . as value estimation in Temporal Difference learning (Sutton,
concept of using a coupling function to reduce variance

. - ; . ~2018). Truncated consistency models, introduced in (Lee
during training was successfully used in Flow Matchmg,et al., 2025), proposes to add a second training stage on to
with works such as (Pooladian et al., 2023; Tong et al. ’ + brop gstag P

2024; Lee et al., 2023), with the main objective of obtainingbf ECM, to allow the model to focus its capacity on the

straighter ODE trajectories for faster sampling. Forms Ogater time steps, resulting in |mpr9ve(_j few-steps gent_—:‘ratlon
. . performance. Other recent contributions to the consistency
coupling in CMs were proposed in works such as (Dou et al

2024; Issenhuth et al., 2025), but their formulations do no{nOOIeI literature are works sgch as (Kim et al., 2924’ Heek
match the performance of standard CMs. etal., 2(_)24) where the focus is on improving mult|st_ep sam-
ple quality, (Lee et al., 2024) which trains a model with both
In this work, we propos¥ariational Consistency Training consistency and score loss to reduce variance, and (Lu &
(VCT), which introduces a variational formulation for train- Song, 2025), which proposes several improvements to the
ing the forward transition kernel via a coupling function continuous-time training of consistency models. Our work
between data and noise, a technique we téamiational  can be seen as a parallel contribution to the aforementioned
Coupling (VC) This yields a loss function analogous to that methods, as we focus on learning the data-noise coupling,
of VAEs. By learning a data-dependent noise distributionwhich can be used as drop-in replacement to the standard
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independent coupling. et al., 2023), and (X o;X1) = X{ = Xg + tx7 asin (Kar-

There are several works showing the bene t of using coutas et al., 2022). This conditional ow is analogous to the

pling in Flow Matching (Pooladian et al., 2023: Tong et al. formal solution kernel of the forward process at titrie the

2024: Liu et al.. 2023 Lee et al.. 2023 Alberdo et al.. 202 'generative diffusion framework. While it is dif cult to di-
' ¥ ' N f 9 N rectly obtain the ow function {(xg) from the conditional

Kim et al., 2025) and Diffusion Models (Bartosh et al., oW 1(Xo:X1), itis possible to give a formal expression
2024a;b; Nielsen et al., 2024). Among these, (Lee et al, thetres?l;lti;g, vector eld:

2023) shares the most similarities with our method, as they ’
also use an enggder tolearna probabllllty distribution over Ue(X) = Exyjx, [Ue(Xe;X1)] (1)
the noise conditioned on the data. Their method results in

improved performance compared to equivalent Flow Matchwhereu (x;x1) = (% {(Xo;X1) is the vector eld that
ing models, while requiring less function evaluations. Ourgenerates the conditional ow(xo;X1). In the case of
method consists of a similar procedure but applied to CTthe simple interpolation conditional ows (X o;X1) =

resulting in improved few-steps generation performance angl  t)x, + tx 4, the formula specializes as follows:

con rming the effectiveness of learning the data-noise cou-

pling. A different coupling strategy for CT is proposed in Ut(Xt) = Ex,jx, [X1  Xol: (2)
(Issenhuth et al., 2025), where the data-noise coupling is - . ) o )
extracted directly from the prediction of the consistencyR&aders who are familiar with generative diffusion will
model during training. Compared to our method, they ddmmediately recognize that this expression is d_|rectly relate_d
not need the additional encoder to learn the coupling, but0 the standard expression for the score function. From this
their generator-induced coupling needs to be alternated witfonNnection, itis clear that the conditional vector eld can
the standard independent coupling to avoid instabilities. Th&€ estimated with a regression objective

Flow Matching formulation in Consistency Models with lin-
ear interpolation kernel was previously used in (Dou et al.,
2024; Yang et al., 2024), where the former also explores
the use of minibatch OT coupling, while the latter trains the3.1. Noise coupling

model to learn the velocity eld_ and adds a regularization 5, advantage of the Flow Matching formalism over SDE
term to enfqrce constant velocity. In our work, we use_thediffusion is that, as shown in (Pooladian et al., 2023; Tong
,FIOW Matching formqlaﬂon, but keep mos.t of the CT bu',ld' et al., 2024), it is straightforward to introduce a probabilistic
ing blocks, resulting in a simpler formulation with superior coupling (X1 j Xo) between thegata and the noise distribu-
performance. tion. In this case, we require that (X1 j X)dX o should
follow a standard normal distribution, at least approximately.
3. Background The use of a non-trivial noise coupling does not alter the

. ) form of the conditional velocity eldsi:(x;x1) as far as
Flow Matching provides a general framework that genyng ¢oypling is time-independent. However, it does alter the

eralizes diffusion and score-matching models (Lipmanygyy velocity eld u;(x:) since it affects the conditional

et al.,, 2023; Albergo & Vanden-Eijnden, 2023). In the gisyrinutionp(x,; x;) , which determines the expectation in
Flow Matching formalism, a deterministic ow function g, 1

¢ with initial conditionxg is used to build an interpolat-
ing map between two distributions (Xo) = X, such that ) .
the data distributiomg(X o) is mapped into a distribution 4. Cont'n_uous con3|s'Fency models from a Flow
p1(x1), commonly chosen to be Gaussian noise distribution Matching perspective
p1(x1) ;= N (x1;0;1), by the pushforward operator. From
this quantity, we can de ne the vector eld;(x;) as the
in nitesimal generator of +:

Eexonaif ( t(XoiX1)it)  ue( 1(Xo;X1); X1)jj3:

As explained above, the ow function(x o) maps a noise-
less statex( to the noisy stat&;. Its inverse l(xt) can

then be interpreted as a denoiser, as it maps each noisy state
to a uniquely de ned noiseless statg. This function is
often referred to as a consistency map, and it follows the
identity:

% t(X0) = Ug(xy) = ug( (X)) ;

In a diffusion model, the ow ((Xy) is the inverse of the
probability ODE ow determined by the forward SDE. In- d
stead, in standard Flow Matching, the mapping is speci ed gt ! ( t(x0))=0; on t2][0;1] 3)

as a conditional ow {(Xg;X1), which is typically taken

as a simple linear interpolation between samples from théogether with the boundary condition, Y(x0) = xo0. EQ.3

two densitiegg(X o) andpi(x1). Some common examples is a consequence of the fact that all noisy states in an ODE
are ((Xo;x1)= Xt =(1 t)Xp+txyasseenin(Lipman trajectory ((xg) share the same initial pointy, which

3
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implies that , *(' {(x)) is constant along the trajectory. wherex ; j x o are sampled according to the noise-coupling
This property can be used to de ne a continuous loss for a (x1 j Xg). In this expression, denotes a frozen copy of
networkf (xy;t), trained to approximate the inverse ow the parameters which does not require gradients. This loss is

0 L(xy): in fact unbiased for t! 0, as it was shown in (Song et al.,
2023). The boundary condition can be enforced through the
" # parametrization introduced in (Karras et al., 2022):
1 2
d
Lan( ) B () Gf Caxoyt) dt (4) f(Xit) = Cauip (DX + Cour (DF (X;1);

where (t) is a positive-valued function that weights the loss WhereF is a neural network antyi, andco,; are speci ed
for different time points. This loss should be used togetheUch thatsip (0) = 1 andcou (0) = 0.

with the identity boundary conditioin (xo; 0) = X, which

we will discuss later. In distillation training, the determin- 6. Consistency Models with Variational

istic trajectorles<t_ = ((Xp) are obtz_ilned by mtegratlng Coupling

the ODE ow obtained from a pre-trained diffusion or ow

matching model. Alternatively, the consistency network canOur method consists in learning a conditional coupling
be trained directly by re-writing the total derivative in terms g (X1 j Xo) with a neural networlg (x) parametrized by

of the conditional ow: , which we refer to as the encoder in the following given
d . dxq ) |ts_analogy_ Wlth VAEs. Durl_ng trémlng, we can sample
i ( txo)=7r1  "(xt) o + @  (Xt) noise conditionally from (X1 j Xo) = q (X1 ] Xo0)Po(Xo0)
= 1 _ 1 instead of the independent noise commonly used in CT, and
=1 T(XO)Exjx [Ui(Xex)l + @ ¢ “(X4t) 5) obtain noisy states for a given time stegs follows:
= Eyjx, T ¢ -(X)U(Xe5x1) + @ ¢ H(xp)

d Xt = t(Xo0;X1);

=E ¢ (Xosx1))

N(x1;9 (Xo0); g (X0)?I);

L) L &)

XXt g X1 q (X1]Xo)

;. with

Z, , H# Xx1=9 (Xo)+ g (Xo) N (;0:1)
d

con el . . .
LCO"?( ) B 0 (®) dtf ( t(xoixa)it) dt 5 Here, we restricted our attention to linear forward models of
the form {(Xg;X1) = aXg + kX1, which encompasses
where we moved the expectation outside of the squareshost models used in the diffusion and ow-matching liter-
norm using Jensen's inequality. Therefore, we can optimizeature. Moreoveg (xo) andg (Xo) denote the mean and

the tractable "conditional losd”S3n( ) instead oL'%( ),  scale output of the encoder, which de ne the signal-noise

which contains the unknown ow function(xg). coupling (see Appendix F for a visual representation). Both
g (xp) andg (xo) preserve the same dimensionality of
5. Discretized consistency training the input signal. The encoder network that produces the

coupling distributiong (x1 j Xo) can be trained end-to-end
The continuous loss can be directly minimized in expectaalongside the consistency model, as shown in Algorithm 1.
tion by sampling the timé from a uniform distribution and  This results in a joint optimization where the consistency
by computing the total derivativ%f ( t(Xo;X1);t) by network adjusts its constancy to minimize its total derivative
automatic differentiation. However, in practice it is often along the trajectories while the encoder implicitly moves
more convenient to instead optimize a time-discretized losshe trajectories towards the space of constancy of the model.
with a nite difference approximation for the total deriva- In fact, the velocity eldu(x;) depends on the coupling,

tive: since (X1 ] Xg) affects the expectation in Eq. (1). This
N formulation results in a viable generative model as long as
Lre( )= (t)Exo poxoixs  xaixo) B F 0% the noise at timd remains approximatelps (x1), since se-
iz1 vere deviation from the prior induced by the coupling would
with result in improper initialization for the sampling procedure

f o= L ¢ o and consequently in reduced sample quality. We therefore
=1 (un Koixa)iting) ( t(oixa)it): gggakL divergence as a regularizBi (q jjp1), result-
(6) ing in a loss resembling the Evidence Lower Bound loss of
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Algorithm 1 Variational Consistency Training (VCT) Given that the KL terms in Eq. 7 and the VAE loss are
Input: data distributiorgaa , initial model parameter, identical, our loss function serves as an upper bound on

initial encoder parameter, learning rate , EMA rate  the loss of a VAE with an encodég (xo); g (xo)) and
, distance functiom( ; ), consistency weightinge (), & priorN (x1;0;1). Since the VAE loss represents an evi-

KL weighting . dence lower bound, it follows that the consistency loss also
EMA . EMA andk O provides a lower bound on the model evidence:
repeat Proposition 6.1. The following upper bound for negative
Samplexy  pgaa.t p(t),r=1t t log-density holds:
Sample N (O;1) 1
X1 g (Xo)* g (xo) logp (X0) 55 Eq (xujxo)kXo f (X1, 1K*+ L ()
Xt &Xo+ Xy 2 7, " H
Xr & Xo+ bxy 1 . :
L ) a®df (xatif (xn) 72z ,F g (v drbal)
Lk ( ) D ke (N(g (xo0); g (x0)?D)jiN (0;1))
CC; ) LGy )+ kb () whereL k. () := Dk (9 (X1 ] X0)jiN (x1;0;1)).
r I ;
r LE( . )) This proposition also establishes the connection between the
EvA stopgrad ( ewa +(1 )) minimization objective of CT-VC and that of the continuous-
VA stopgrad (  ewa +(1 ) ) timeCMasN !'1  (proof in Appendix B).
k  k+1 Compared to traditional VAEs, our method can be viewed as
until convergence a time-dependent modi cation where the transition kernel

smoothly interpolates between delta distributions centered
o ) ) at datapoints and a Gaussian distribution.
Variational Autoencoders (Kingma & Welling, 2013):
;)= Lgiosncd ) @) Varying . In both our model and VAE, thg Ia_tent_ vec-
+ By [Dre (9 (x1] x0)iiN (x1:0:1)] - tor needs to approximately follow a normal distribution to
xolPKkL {0 (X1 ] Xo)l] L= avoid deviating from the prior. However, previous stud-
While using an encoder to learn the data-noise couplindes (Hoffman & Johnson, 2016; Rosca et al., 2018; Aneja
requires additional computation during training, we empiri-et al., 2021) have observed that VAE's aggregated posterior
cally nd that a relatively small encoder is enough to learn fails to match the prior. The same problem could occur
an effective coupling, which results only in a minor increasein our model without additional tricks (see Sec. 7.2). To
of training time (see Appendix C). At sampling, the speedmitigate this prior-posterior mismatch, we introduce a scalar
and computational requirements are identical to vanilla CMdwyperparameter to control the strength of the KL regular-
for the one-step procedure, while for multistep sampling weization. This was rst introduced by Higgins et al. {VAE

need to account for additional forward passes of the encodet022) for a different purpose (inducing disentangled latent
as shown in Algorithm 2. representation) in the VAE context.

H con . H i - N- .
6.1. Connection with variational autoencoders min Laisc( + )+ Exo[Dre (A (X1 ] X0)iIN (x1:0:D)]:

9)

By carefully selecting the value of, we can achieve a

) ) . . proper balance between exibility and proximity to the prior.
ELBO perspective. First, we demonstrate the relationship 1o ynderstand the effect ofin our model, we present an

between our model and VAE in terms of their objective yjternative form of our objective function. Formally, we can

functions. Speci cally, our loss function in Eq. 7 serves asyjjew the minimization of Eq. 9 as the relaxed Lagrangian
an upper bound on a standard VAE loss, where the Iaterﬁromem of the following optimization problem:

vectorx is regularized to be close to the prior. Using

In this section, we will consider the special case with con-
stant unit time weighting ¢ (t) = 1; 8t.

the triangle inequality, we can establish the following bound min L5 ;)
for L cond- ;
disc - . ..
) st: D (@ (X1 ] X0)jiN (x1;0:1)) < ;
kxo f (x1;1)k (8)
As approaches 0, the coupling becomdg, j xg) =
N f( g, Koxa)itisn) o ( f(XoiX1)ti) 2. po(Xo)p1(x1), indicating that our model encompasses the
i=0 standard CT. In VAE, selecting appropriate values of
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Algorithm 2 Multistep Variational Consistency Sampling training, as it increases whenever the discretization scheme
Input: Consistency moddl , encodeg , sequence of is changed, which re ects in ;, becoming smaller. For

time points 1 > ,> > y 1, initial noise®t ECM models trained on ImageNet, which use the EDM-
x f (Rt;T) style weighting function
forn=1toN 1do 1 1

Sample N (0;1) e (t) = t7+ -

X1 g (xX)+ g (x) data
R, a,x+b.x we simply select a xed scalar for the whole training, as

)((j ; PR the discretization scheme does not affect the magnitude of
end for the weights.
Output: x

7. Experiments

to achieve reasonable generation performance is generally ) ) .
challenging. Values too close to zero result in strong del the following, we show that learning the data-noise cou-

viation from the prior, while extremely large values causepling with our method is a simple yet effective improvement

over-smoothed decoders (Takida et al., 2022), leading tfP" CT- We adapt our Variational Coupling (VC) technique

blurry samples. However, our model does not suffer fromt0 two established baselines: improved Consistency Train-

this over-regularization issue. While tuningemains cru- N9 (iCT) (Song & Dhariwal, 2024) and Easy Consistency
cial in our model, as demonstrated in Section 7.2, unlikel UNiNg (ECM) (Geng et al., 2025). Note that for the latter,

VAE, increasing values of does not cause the oversmooth-the model is initialized with the weights of a pretrained
ing problem but simply reduces our model to the standargc0re model from (Karras etal., 2022), while in thg former
CT. Consequently, the CT training objective enables sharﬁhe weights are initialized at random. More details about

sample generation even when the posterior approximatio'® Paselines are provided in Appendix C.1. In this work,
is nearly a normal distribution. we consider only the framework of CT, where the unbiased

vector eld estimatomu(x) from equation 1 is used to ap-
proximate the noisy states during training, as opposed to
Consistency Distillation that uses a pretrained score model
The most common weighting function, (t) for CMs is an  as a teacher. We evaluate the models on the image datasets
adaptive weighting scheme that changes over training basdeashion-MNIST (Xiao et al., 2017), CIFAR-10 (Krizhevsky

on how ne grained the discretization is, or equivalently the et al., 2009), FFH®4 64 (Karras et al., 2019) and (class-
distance between consecutive time steps in ECM. At a giverconditional) ImageNe64 64 (Deng et al., 2009). To

6.2. Choosing the parameter

training iteration, for two adjacent time stepsandti.;, learn the coupling, we add a smaller version of the neural
we have: network used for CT, without time conditioning and with

weights always initialized at random. For all the models,

a(tiva) = b ta =t we use the variance exploding transition kernel (iCT-VE

tiva

and ECM-VE) used in (Karras et al., 2022) and (Song &
For the models trained with such an adaptive weightingpnariwal, 2024), withe, = 1, by = t, and the linear inter-
function, we found it hard to tune to a single scalar value. pojation kernel (iCT-LI and ECM-LI) commonly used in
The magnitude of the weights increases during training-jow Matching (Lipman et al., 2023), with =1  t= max

as the discretization scheme becomes more ne-grainegndh = t= ., (details in Appendix A). For both kernels,
and ,,, becomes smaller, changing the balance betweee set i, = 0:002and max = 80. We report more
consistency loss and KL regularization, resulting in a veryexperimental details in Appendix C, comparison with other

strong regularization at the early stages of training, or a tognodels in Appendix D, while samples obtained with our
weak one at the later stages. A simple yet effective solutiothest models are shown in Appendix G.

is to use an adaptive scaling for the KL regularization that

changes according to the discretization scheme. To do 8,1 Baselines and models

we take as a reference the weighting of the consistency loss

at the last stepy = max, and de ne the adaptive KL As baselines, we re-implement the iCT and ECM models,

weighting as: corresponding to our iCT-VE and ECM-VE. As an addi-

tional model, we add CT with the minibatch Optimal Trans-

port Coupling (-OT) proposed in (Pooladian et al., 2023;

tn Tong et al., 2024) and used in (Issenhuth et al., 2025), to

This way, we only need to specify the scalar hyperparametetompare the effectiveness and scalability of the OT coupling

, and it will have a consistent regularization strength ovemwith the learned one. Finally, we combine the baselines with

kL = altn) =

6
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our proposed Variational Coupling (-VC). For the models Model CIFARI0O  FFHQ@4 64) ImageNet64 64)

with learned coupling, we use gradient clipping with a large Egmxg g.ggcg.ﬁ “ 00/ 430 555%?.3132

value (200 in all the experiments) to avoid instabilities at gZy. 365/214 6.42/473 5.13/3.20

the ear|y stages of training_ ECM-VE-OT 3.46/2.13 6.11/4.68 6.02/4.27
ECM-LI-OT 349/2.13 6.19/4.73 5.63/4.09
ECM-VE-VC (VCT) 3.26/2.02 5.47/4.16 5.08/3.15

7.2. Ablation for different ECM-LI-VC (VCT) 3.39/2.09 5.57/4.29 4.93/3.07

To see the effect of on the generation performance, we Table 3.Comparison of FID (lower is better, reported as 1-step / 2-
compare the results for different values on the Fashionvstep performance) for different models based on ECM. The model
NIST dataset for iCT-VE-VC in Table 1. As expected, with marked with a is the baseline as repo_rted in (Geng etal., 2025).
small values of , the coupling distribution deviates from All the other models are from our re-implementation. The best
the sampling distribution and the performance degenerate‘%mr'es are highlighted in bold. For ImageNet, the results marked

while increasina to hiah values reduces the bene ts of with y are obtained with models trained fb@0k iterations, while
9 9 . the others us00k iterations. Comprehensive comparisons with
the learned coupling. More detailes on how we turere

; A additional baselines are presented in Tables 9 and 10.
reported in Appendix C.3.

FID for different
1step 2 steps
=5 1253 569

only use models based on iCT as there is no available pre-
trained EDM model.
FashionMNIST: We choose FashionMNIST as a rst

=15 497 2:34 benchmark to test the performance of iCT. On this dataset,
=30 3:88 237 we use a small version of DDPM++, wi# model chan-
-60 390 267 nels instead 0£28and no attention, and batch si¥28 Our

variant with Variational Coupling outperforms both iCT and
Table 1.Comparison of FID performance (lower is better) for one ICT-OT, with best performance obtained with the LI transi-
and two sampling steps, for varying values ofThe models are tion kernel, showing the bene t of the learned coupling.
iCT-VE-VC and trained on the FashionMNIST dataset with the CIFAR-10: For all the CIFAR-10 experiments, we use the
same settings described in appendix C. Best entries in bold. DDPM-++ architecture from (Song et al., 2021b) as imple-
mented in (Karras et al., 2022), with EMA r&2@999as in
(Geng et al., 2025). While this differs from the settings in

1-step / 2-step FID for iCT-based models ‘ ’ h
(Song & Dhariwal, 2024), we found it to work better in our

Model Fashion-MNIST CIFAR10 . . g

: re-implementation. The remaining hyperparameters are the
ICT-VE - 2:83/2:46 same as used in the respective baselines. From the results,
iCT-VE 4791354 361/2.79 we can see how using the learned coupling results in im-
iCT-LI 475/ 3:46 381/2:87 proved performance for both one and two steps generation,
iCT-VE-OT 4:42/ 2:82 328/ 2:66 outperforming all the re-implemented baselines. The 1-step
iCT-LI-OT 4:41/2:91 342/ 2:77 result from the original iCT is superior to our model. How-
iCT-VE-VC (VCT) 3:88/2:37 2:86/2:32 ever, to the best of our knowledge, there is no open-source
iCT-LI-VC (VCT)  3:62/2:22 2:94/2:32 implementation that can reproduce the results reported in

the paper. The learned coupling outperforms the minibatch
OT coupling in all cases, as itis less affected by the effective
Table 2.Comparison of FID (lower is better, reported as 1-step /(Per device) batch size and the data dimensionality. Finally,
2-step performance) for different models based on iCT. The modepur 2-step sampling performance for ECM-VE-VC is on
marked with a is the baseline as reported in (Song & Dhariwal, par with the current SOoTA achieved by other methods with
2024). All the other models are from our re-implementation. Thesimilar settings (Wang et al., 2024; Lee et al., 2025; Lu &
best entries are highlighted in bold. Song, 2025). We empirically compare the variance of the
gradients for iCT-VE and iCT-VE-VC, and show in Figure 3
how the resulting reduced variance corresponds to improved
FID score. In particular, in early training the model with VC
In tables 2 and 3 we report the 1 and 2 step sample qualitgxhibits higher variance, which can be attributed to the fact
evaluated with Frechet Inception Distance (FID) (Heuselkhat the encoder is still learning the coupling. As training
et al., 2017), for both the results reported in the originalcontinues, the coupling becomes effective at providing bet-
papers and our re-implementations. For high-dimensionaker data-noise pairs to the model, which results in reduced
data, we only use models based on ECM, as they requirgradient variance and improved generative performance.
lower computational budget, while for FashionMNIST we FFHQ 64 64: We use FFH@®4 64 as an additional

7.3. Results
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(a) 1-step (FID=5.13, left) and 2-step (FID=3.20, right) samples
from ECM-LI.

(b) 1-step (FID=:93, left) and 2-step (FID3:07, right) samples
from ECM-LI-VC.

Figure 2.Visual comparison of generated class-conditional Saml':igure 3.The top graph shows a comparison of gradient variance
ples on ImageNe§4  64. during training for iCT-VE and iCT-VE-VC on CIFAR10. We plot
the variance for each epoch (shaded) and its exponential moving
average with smoothing factor 0.9. Especially later during training,
dataset to assess our method on higher-dimensional data. \ike model with learned coupling exhibits lower variance, which
reuse the same training settings used for CIFAR10, withoufésults in improved performance, shown in terms of 1-step FID in
additional tuning, and with the same network architecturd® Pottom graph. For a fair comparison, we did not use gradient
used in EDM. While the results are worse than current SoTACI"O'O'ng foriCT-vC in this run.
generative models (e.g. 2.39 FID from EDM), they con rm
the bene t of using the learned coupling over the baselineg. Conclusions
Moreover, the results highlight the limits of using the mini-
batch OT coupling, which scales poorly with increased datdn this work, we introduced a novel approach to Consistency
dimensionality and in some cases performs worse than th&raining (CT) by incorporating a variational noise coupling
independent coupling. mechanism. Our method leverages an encoder-based cou-
ImageNet64 64 (class conditional): As a baseline, we Pling function to learn a data-dependent noise distribution,
reuse the settings from ECM with the EDM2-S architecturewhich results in improved generative performance. By fram-
and batch siz€28 While the baseline is trained fadk  ing CT within the Flow Matching perspective, we provided
iteration, we found that our models with Variational Cou-@ Principled way to introduce adaptive noise coupling while
pling needed more time to converge properly, as the encodépaintaining the ef ciency of standard CT. Empirical re-
weights are not pretrained and initialized at random. Wesults on multiple image benchmarks, demonstrate that our
therefore train our re-implemented baselines and models faPproach consistently outperforms baselines in one and two-
200k iterations instead, while we report the performance ofStep generation settings. Our ndings highlight the potential
our models trained fotOCk iterations in Appendix C.5. In  Of learned coupling in CT and suggest several promising
the 200k case, the models with Variational Coupling outper-directions for future work. These include exploring more ex-
form the other models, with the LI kernel obtaining the bestPressive posterior distributions, extending our method to the
overall FID, while the OT coupling performs poorly due to continuous-time CT formulation, and integrating variational
the small batch size and high data dimensionality. In FigConsistency training with other recent CT improvements.
ure 2 we compare samples from ECM-LI and ECM-LI-VC, We hope this work contributes to the broader understanding

where we can see how the images generated with VC ar@f the effect of coupling in CT and inspires further advance-
more clear and detailed. ments in ef cient generative sampling techniques.
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A. Consistency Models with Linear Interpolation Kernel

In addition to the variance exploding forward process commonly used in CT, here we propose to use the linear interpolation
kernel commonly used in Flow Matching:

Xy =1 t)xo+ txq: (20)

We reuse all of the building blocks from iCT and ECM and make only the necessary adjustments. Accounting for the
boundary conditions, the transition kernel becomes:

Xt = 1

Xo +
max max

X1 max- (11)

Other crucial components for stability during training are the scaling factpresxip andcoy: , and we derive them for the
linear interpolation kernel following the same procedure used in (Karras et al., 2022), also accounting for the boundary
conditions when pi, 6 0:

cn( )= 4 > (12)
data (1 max )2 + 2
2
. - data (1 max mlr:nin )
Cskip () = ( min)2+ 2. (1 ﬁ)z (13)
Cout( ) = ( min) data Cin( ) (14)

A.1. Derivations

We report the derivations for the scaling factors used for the linear interpolation transition kernel. We follow the same
derivations from (Karras et al., 2022) (appendix B.6), where the score matching objective is written as:

EjiD (y+n; ) i3 (15)
Wherey is data sampled from the data distribution with standard deviatigg andn is a sample from noise distribution

with standard deviation. Given this objective, they propose to derive the scaling faa@(s), Cskip ( ), Cout ( ) as
follows:

1
Cn( ) Vary oy * nl (16)
Cout ( )2 =Varynly Csip( )y + n)] 7
Csip () =argmin ¢ yCour ( )% (18)
In our formulation, we only need to rescaldoy 1 —— and perform the same derivations. For simplicity, we de ne

=1 — (omitting the dependence on), and proéﬂaexed as follows:

1

. - p 19
Cin( ) V—Vary;n[ y 0] (19)
Cout ()2 =Varynly csip( )( y+n) (20)
Csiip () = argmin ¢ Cout ()% (1)
The factorc, () simply becomes:
1
data +
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To derivecyy: ( ) we can proceed as:

Cout ( )szary;n[y Cskip( )y +n)]
Cout ( )2 =Vary.n (A c skip( Ny + C'skip( nl
Cout( )2 = (1 c Skip( ))2 czjata + CSkip( )2 2:

We can use this result to solve fayip ( ):

0 = dlCou ( )?]=dGkip ( )

0=dl(1 Ceskip( )? Gaa * Cskip ( ) *I=desip ()

0= Zwdl Cskp( ))?=desip ( )+ 2dlcskip ( )*]=desip ()
0= Zwl2 %cip( ) 2 1+ Z[csip( )]

0=( 2+ 2 Zua)Cskin( ) fata

Cskip( ): czjata :( 2+ 2 czjata :
Finally, we can computeyy ( ):

Cout( )2 = (1 Cskip( ))2 éata + CSkiP( )2 2

2 2 g ? 2 g t 2
Cout( )°= 1 —ataz data t %
( 2 + 2 data ) ( + data )
2 2
Cour ( )2 = o+ daa *
2 2
( 2+ 2 data) ( 2+ 2 data)

( 2 data)2+( gata)z

Cout ( )2 =
: (2+ 2 &)’
Cout( )2: ( data)2+( zzgata + 2)
( 2+ 2 data)2
( data)2
Cout( )2 = 557~
’ (2+ 2 &)
_ data .
Cout( )= ’Qﬁ
data

If we want to use the boundary conditions fgfi, 6 0, then we can modifgsip () andcyy () as:

2 ]
data (1 max m”r]‘nin )

( min )2 + gata (1 ¢)2

Cout ( ) =( min ) data Gin ( );

Cskip () =

which satisfy the conditioBskip ( min) =1 @andcout ( min) = 0.

B. Consistency Lower Bound

Proposition B.1. The following upper bound for negative log-density holds:

1 .
logp (Xo) 52 Ea (xsjxo) KXo (x1;)k*+ Dk (zjXo) P(2)
1 21 d "

37 E af (t;t)  dt+ Dk g (zjxo) p(z) :

13

(23)
(24)
(25)

(26)
(27)
(28)
(29)
(30)
(1)

(32)
(33)
(34)
(39)
(36)

(37)

(38)

(39)

(40)
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This proposition establishes the connection between the minimization objective of CT-VC and that of the continuous-time
CM.
Proof. For the triangle inequality, we have:
kxo f (x1;1)k (41)
f (4, Xosxa)itivn) 0 ( t(XoyXa)iti) -
i=0

We can now square both sides, obtaining:

kxo f (x1;1)k° (42)

f( 4, Xosxa)itivn) (v (XoiX1):ti)
i=0

Now, for the Cauchy-Schwarz Inequality, we can write the right hand side as:

2
f (o, (XoiXa)itiea) 0 ((XoiXa)iti) (43)
i=0
X 2
N f( n (Xosxa)itivea) f (f (Xoixa)iti)
i=0
Since:
. 1
logp (Xoj x1)/ ﬁkxo fo(xq; DK (44)
we can write a lower bound on the log density as:
1 .
logp (Xo) 52 Eq xaixo) KXo (X1i1K* D ke g (X1jXo) P(X1) : (45)
In summary, the ELBO bound for the Gaussian VAE is given by
1 .
logp (Xo) 52 Ea axoykXo (X33 DK*+ Dk g (X1jX0) P(X1) = L(Xo;; ) (46)
Combining the inequalities we derived in Eq. 42 and 43, below we consider the cas&whkn . First, we de ne:
X 2
Sn = N Egajxoyptiy) Kf (ot (XoiXa)itiva)  F (g (XoiXa)iti)k™ - (47)
i=0

We assume thdt is a partition of the intervd0; 1] of:

ti =ty t=0

s (48)

Forsmall t= 0O Nl , we approximate the squared difference in function values using a rst-order Taylor expansion

2
Kf (rstinn)  f(it)K? %f (b t2: (49)

t=t;

'Here, we assumey, ,, t = O(tiss i)
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Since t= O & ,we substitute:

N
2
kf ( tivr) (g ti)k? 1 Ef (t) - (50)
tiva o litl tis b N2 dt ty .
Multiplying by N :
" #
X , 11X d 2
Sy = N E kP ( t.tisn) F (oti)K N E af () = (51)
i=0 i=0
AsNI'1 | " "
1 N d Mz q o
_ . . | _ . .
N E dtf (;t) . E dtf (;t)y dt (52)
Thus, multiplying byN , we obtain:
Z 1 " d 2#
NI|!£n Sy = . E af ( ;1) dt: (53)
Combining the above limit with the ELBO bound:
1 .
logp (Xo) 532 Eq (xixokXo f (x1; DK%+ D g (2] Xo0) p(2) (54)
11X d _ 2 . _
>IN . af (ut)  +Dx a(zjxo) p(z) : (55)
z o #
17t d 2 .
= 52 E af (;b) dt+ Dk, g (zjXo) p(z) ; asN!1 (56)
0

C. Experimental details
C.1. Baselines

Here we recap the detials about the two baselines used in this work, the Improved Consistency Training from (Song &
Dhariwal, 2024) and Easy Consistency Models from (Geng et al., 2025).

iCT: the training procedure uses a discretization of time steps between two valyes 0:002and max = 80, with the
equation from (Karras et al., 2022):

- i 1 - = .
T et Ny 1 M me o wherel 2 [[LN (K (57)
where =7 andN (k) is a scheduler that de nes the number of discretization steps &tthdraining iterationN (k) is
chosen to be an exponential schedule which starts ipm10 steps and reachas = 1280 steps at the end of the training,
and is de ned as:

_ K
N(k) = min@2 ®K ‘e g)+1; KO= — —~ _ 58
(k) = min( ) TEEDSEE (58)
During training, time stept (or equivalently ;) are sampled following a discrete lognormal distribution:
p( i)/ erf |09( 517) Pmean erf IOg( Si), Pmean ; (59)
zpstd ZPStd
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With Pmean= L:1andPgqg = 2:0. Then, the steps andt;.; are used in the loss:

La(; ) ati)d(f (xe,, t+1)5f (Xy:ti); (60)
whith the time dependent weighting functiog (t;) = ﬁ andd(:; :) is the Pseudo-Huber loss:
q__
dix;y)=  jix vyiiz+ e c (61)

ECM: ECM aims to simplify and improve the training procedure from iCT. We report here the main differences. Instead of
using a discretized grid of time steps, it samples time stémsn a continuous lognormal distribution wiean= 11
andPgg = 2:0 ( 0:8 and1:6 for ImageNet). The second time stefused in the discretized training objective is then
obtained with a mapping function

1

qditers=de n(t); (62)

p(rjt; iterg = 1 q—lan(t) =1

wheren(t) =1+ k ( btf)=1+ ﬁ (%) is the sigmoid functioniter is the current training iteratiok, = 8, b= 1, and
g = 2 for all the models but ImageNet, whege= 4. The discretization step is made smaller for eight times over training
(four times for ImageNet). The loss function is a generalization of the Pseudo-Huber loss, which consists of the L2 loss and
an adaptive weighting functiom() . The models are initialized with the weights of pretrained diffusion models, which is

shown to greatly improve stability during training and generation performance.

C.2. Training details

We report the training details for our models in Tables 4 and 5. Note that the baselines are the ones from our reimplementation.
The models have the same number of parameters and training hyperparameters regardless of the transition kernel used. In
the following, we report additional information important for reproducing out experiments:

ECM-LI : In ECM, the time stepsar sampled from a lognormal distribution, as done in (Karras et al., 2022). This means
that time step$> nax can be sampled during training. While this works well when using the variance exploding Kernel,
in the linear interpolantion case the time stegannot exceednax , and we therefore clipto be at most ax .

Random seedsAll the training runs are initialized with random seed 42. For sampling and FID computation, we always set
the random seed to 32, which was randomly chosen. This differs from what commonly done in EDM, where three different
seeds are used to evaluate FID and the best result is reported. While our evaluation can lead to slightly worse results, the
evaluation is consistent between our models and reimplemented baselines.

2-steps generationLike in the original iCT baseline, all the models use 0:821for CIFAR10 and all the other datasets
but ImageNet, where= 1:526is used insetad.

Data augmentation We scale all the images to have values betweé&randl. For CIFAR10 we apply random horizontal
ip with 50% probability.

Differences for ImageNet The training procedure for ECM on ImageNet differs slightly from the one for the other datasets.
The Adam optimizer is used instead of RAdam, with beté:9; 0:99), and inverse square root learning rate decay de ned
as a function of the current training iteratiaon

(i)= p—t—; (63)
max(i=ief; 1)

with ¢f = 0:001(the initial learning rate) anides = 2000 iterations. The Exponential Moving Average uses the power
function averaging pro le introduced in (Karras et al., 2024). In ECM, three different EMA pro les are tracked during
training, with rate€:01, 0:05, and0:1. In our reimplementation, we only use the r@té. The number of times in which the
discretization interval changes is reduced frio 4, and the loss constants set t00:06.

C.3. Tuning

In our experiments, we tunedwith a coarse grid search with different values with a gap of 10. For iCT on CIFAR10, we
initially tested the values = [10; 20; 30; 40], of which = 30 gave the best performance, then tested also fei{25; 35]
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Model Setups FashionMNIST CIFAR10
Model Architecture DDPM++ DDPM++
Model Channels 64 128
N of ResBlocks 4 4
Attention Resolution - 16
Channel multiplyer [2;2;2] [22;2]
Model capacity 13.6M 55.7M
Training Details
Minibatch size 128 1024
Batch per device 128 512
Iterations 400k 400k
Dropout probability 30% 30%
Optimizer RAdam RAdam
Learning rate 0.0001 0.0001
EMA rate 0.9999 0.9999
Training Cost
Number of GPUs 1 2
GPU types H100 H100
Training time (hours) 28 92
Training time with OT (hours) 29 95
Encoder Details
Model Architecture DDPM++ DDPM++
Model Channels 32 32
N of ResBlocks 1 1
Attention Resolution - 16
Channel multiplyer [2;2;2] [22;2]
regularizer 30 30
Encoder Params 1.5M 1.6M
Training time with Encoder (hours) 34 102

Table 4.Model Con gurations and Training Details for iCT on FashionMNIST and CIFAR10

which did not improve the performance. Similarly, for ECM on CIFAR10, we tested for[10; 20; 30; 40], and after

achieving the best performance with= 10, we tested = [5;15]which did not improve the performance. The tuning

was done with the VE kernel and the best values were used also for the LI kernel. We used the best vadlss iof

FashinMNIST and FFHQ without additional tuning. For ImageNet we observed on early runsrtbatied to be much

larger, so we initially tuned for = [30; 60; 90; 120] After achieving the best results with the VE kernel for 90, we

further tuned for = [70;80; 90; 10G, 110]for both VE and LI kernels, and found = 100 to be the best for VE and
=90 for LI

C.4. The effect of gradient clipping

As our method uses gradient clipping for stability, we test the effect of gradient clipping on the baselines for a fair comparison.
We report the results in tables 6 and 7 for iCT and ECM respectively. While the results generally improve slightly in iCT
based methods, it is cleare that the main performance gain in our method is given by the improved coupling.

C.5. Imagenet training with 10K iterations

We report here the ImageNet experiments with 100k iterations. For ECM-LI-VC we increased= 100 as = 90

diverged during training. Note that for runs witBk iterations, we sometimes encountered divergences for our models
with small and sometimes also for the baselines, while it seems to be solved when training for 200k iterations. The
1-step/2-step FID results are reported in Table 8. For the settings with 100k iterations, our method performs similarly or
slightly worse than the baseline. We believe this is due to the fact that the encoder for our model requires more iterations to
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Model Setups CIFAR10 FFHQ®64 46 ImageNet64 64

Model Architecture DDPM++ DDPM++ EDM2-S
Model Channels 64 128 192
N of ResBlocks 4 4 3
Attention Resolution [16] [16] [16, 8]
Channel multiplyer [2;2;2] [12;2;2] [12; 3; 4]
Model capacity 55.7M 61.8M 280M
Training Details
Minibatch size 128 128 128
Batch per device 128 128 128
Iterations 400k 400k 200k
Dropout probability 20% 20% 40% (res 16)
Optimizer RAdam RAdam Adam
Learning rate 0.0001 0.0001 0.001
EMA rate 0.9999 0.9999 0.1
Training Cost
Number of GPUs 1 1 1
GPU types H100 H100 H100
Training time (hours) 37 95 51
Training time with OT (hours) 38 96 52
Encoder Details
Model Architecture DDPM++ DDPM++ EDM2-S
Model Channels 32 32 32
N of ResBlocks 1 1 2
Attention Resolution [16] [16] [16, 8]
Channel multiplyer [2;2;2] [12;2; 2] [12; 3; 4]
regularizer 10 10 100 (VE), 90 (LI)
Encoder Params 1.6M 1.6M 6M
Training time with Encoder (hours) 49 110 58

Table 5.Model Con gurations and Training Details for ECM on CIFAR10, FFI6@ 46 and ImageNe64 64

learn the coupling, as demonstrated by the improved results for 200k iterations.
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Method l-step 2-step Method l-step 2-step
iCT-VE (w/o gc) 3.61 2.79 ECM-VE (w/o gc) 3.68 2.14
iCT-VE (w/ gc) 3.49 2.57 iCT-VE (w/ gc) 3.70 2.12
iCT-LI (w/o gc) 3.81 2.87 iCT-LI (w/o gc) 3.65 2.14
iCT-LI (w/ gc) 3.54 2.66 iCT-LI (w/ gc) 3.76 2.17
iCT-VE-OT (w/o gc) 3.28 2.66 iCT-VE-OT (w/o gc) 3.46 2.13
iCT-VE-OT (w/ gc) 3.21 2.56 iCT-VE-OT (w/ gc) 3.45 212
iCT-LI-OT (w/o gc) 3.42 2.77 iCT-LI-OT (w/o gc) 3.49 2.13
iCT-LI-OT (w/ gc) 3.18 2.63 iCT-LI-OT (w/ gc) 3.50 2.12
iCT-VE-VC (w/gc) (VCT) 2.86 2.32 iCT-VE-VC (w/ gc) (VCT) 3.26 2.02
iCT-VE-LI (w/ gc) (VCT) 294 232 iCT-VE-LI (w/ gc) (VCT) 239 2.09
Table 6.FID performance with/without gc on CIFAR10 for iCT Table 7.FID performance with/without gc on CIFAR10 for ECM
based methods. based methods.

Method 1-Step FID 2-Step FID

ECM-VE 5.66 3.78

ECM-LI 5.63 3.48

ECM-VE-OT 6.74 471

ECM-LI-OT 6.65 4.64

ECM-VE-VC (VCT) 5.67 3.67

ECM-LI-VC (VCT) 6.34 3.77

Table 8.Results of our models trained on class conditional lagé&Met 64 for 100k iterations with batch size 128.
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D. Comprehensive comparison

In this section we report a comprehensive comparison with other methods on CIFAR10 and InageNst in tables 9
and 10.

Table 9.FID, NFE and # param. on CIFAR-10. Bold indicates the best result for each category and NFE.

Method NFE FID # param. (M)
Diffusion models
EDM (Karras et al., 2022) 35 1.97 55.7
PFGM++ (Xu et al., 2023) 35 191 55.7
DDPM (Ho et al., 2020) 1000 3.17 35.7
LSGM (Vahdat et al., 2021) 147 2.10 475
Consistency models
1-step
iCT (Song & Dhariwal, 2024) 1 2.83 56.4
iCT-deep (Song & Dhariwal, 2024) 1 2.51 112
CTM (Kim et al., 2024) (w/o GAN) 1 5.19 55.7
ECM (Geng et al., 2025) 1 3.60 55.7
TCM (Lee et al., 2025) 1 2.46 55.7
sCT (Lu & Song, 2025) 1 2.85 -
iCT-VE-VC (VCT) 1 2.86 57.3
iCT-LI-VC (VCT) 1 294 57.3
ECM-VE-VC (VCT) 1 3.6 57.3
ECM-LI-VC (VCT) 1 3.39 57.3
2-step
iCT (Song & Dhariwal, 2024) 2 2.46 56.4
iCT-deep (Song & Dhariwal, 2024) 2 2.24 112
ECM (Geng et al., 2025) 2 2.11 55.7
TCM (Lee et al., 2025) 2 2.05 55.7
sCT (Lu & Song, 2025) 2 2.06 -
iCT-VE-VC (VCT) 2 2.32 57.3
iCT-LI-VC (VCT) 2 2.32 57.3
ECM-VE-VC (VCT) 2 202 57.3
ECM-LI-VC (VCT) 2 2.09 57.3
Variational score distillation
DMD (Yin et al., 2024) 1 3.77 55.7
Diff-Instruct (Luo et al., 2023) 1 4.53 55.7
SiD (Zhou et al., 2024) 1 192 55.7
Knowledge distillation
KD (Luhman & Luhman, 2021) 1 9.36 35.7
DSNO (Zheng et al., 2023) 1 3.78 65.8
TRACT (Berthelot et al., 2023) 1 3.78 55.7
2 3.32 55.7
PD (Salimans & Ho, 2022) 1 9.12 60.0
2 451 60.0
CD (LPIPS) (Song et al., 2023) 1 3.55 -
2 2.93 -
sCD (Lu & Song, 2025) 1 3.66 -
2 2.52 -
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Table 10FID, NFE and# param. on ImageN&4 64. Dotted lines separate results#yparam. Bold indicates the best result for each
category and NFE. Our models, marked with, aise batch size 128 while equivalent models based on ECM use batch size 1024.

Method NFE FID # param. (M)
Diffusion models
EDM2-S (Karras et al., 2024) 63 1.58 280
EDM2-XL (Karras et al., 2024) 63 1.33 1119
Consistency models
1-step
iCT (Song & Dhariwal, 2024) 1 4.02 296
iCT-deep (Song & Dhariwal, 2024) 1 3.25 592
ECM (Geng et al., 2025) (EDM2-S) 1 4.05 280
TCM (Lee et al., 2025)(EDM2-S) 1 2.88 280
sCT (Lu & Song, 2025) (EDM2-S) 1 3.23 280
ECM (Geng et al., 2025) (EDM2-XL) 1 249 1119
TCM (Lee et al., 2025) (EDM2-XL) 1 2.20 1119
sCT (Lu & Song, 2025) (EDM2-XL) 1 204 1119
ECM-VE-VC (Ours, EDM2-S) 1 508 286
ECM-LI-VC (Ours, EDM2-S) 1 493 286
2-step
iCT (Song & Dhariwal, 2024) 2 3.20 296
iCT-deep (Song & Dhariwal, 2024) 2 2.77 592
ECM (Geng et al., 2025) (EDM2-S) 2 2.79 280
TCM (Lee et al., 2025)(EDM2-S) 2 231 280
sCT (Lu & Song, 2025) (EDM2-S) 2 2.93 280
ECM (Geng et al., 2025)(EDM2-XL) 2 167 1119
TCM (Lee et al., 2025)(EDM2-XL) 2 1.62 1119
sCT (Lu & Song, 2025) (EDM2-XL) 2 148 1119
ECM-VE-VC (Ours, EDM2-S) 2 3.15 286
ECM-LI-VC (Ours, EDM2-S) 2 3.07 286
Variational score distillation
DMD2 w/o GAN (Yin et al., 2024) 1 2.60 296
Diff-Instruct (Luo et al., 2023) 1 5.57 296
EMD-16 (Xie et al., 2024) 1 2.20 296
Moment Matching (Salimans et al., 2024) 1 3.00 400
2 3.86 400
SiD (Zhou et al., 2024) 1 152 296
Knowledge distillation
DSNO (Zheng et al., 2023) 1 7.83 329
TRACT (Berthelot et al., 2023) 1 7.43 296
2 4.97 296
PD (Salimans & Ho, 2022) 1 154 296
2 8.95 296
CD (LPIPS) (Song et al., 2023) 1 6.20 -
2 4.70 -
SCD (Lu & Song, 2025) (EDM2-XL) 1 244 1119
2 1.66 1119
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E. Toy experiments
To gain a visual understanding of the bene ts of the variational coupling, we use the model to learn the distribution of a
mixture of two Gaussians, with meang = (0;0:5) and , =(0; 0:5), and standard deviation= 0:05. We use iCT-LI

so that the perturbed data reaches the prior even with smpgll, with min =0:002, 1ax =0:1and gam = 0:05. The
models are trained for 40k iterations, wigh= 10 ands; = 80, and EMA rate 0.999. We use a simple four-layers MLP
with GeLU activation and Positional time embedding, with batch size 256 and learnirigrdteFor iCT-LI-VC we use

= 0:001 The results are shown in gures 1 and 4 (one and two step generation respectively).

Figure 4.2-step generation result on the toy data, with0 :07.
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F. Model diagram

In gure 5 we show the difference between the forward process for standard Consistency Training and for our method with
learned noise coupling, for a given time stegnd transition kernel characterized by the coef ciemtaindb, .

Figure 5.Diagram for Consistency Training with independent coupling (left) and variational coupling (right).

G. Qualitative Results

Here we report samples from our best models, iCT-LI-VC for FashionMNIST ( gure 7), iCT-VE-VC and ECM-VE-VC on
CIFAR10 ( gures 8 and 9), ECM-VE-VC on FFH®4 64 ( gure 10) and ECM-LI-VC on class conditional Imagenet

64 64 (gure 11). In gure 6, we show the mean and standard deviation learned by the encoder for some images from
the CIFAR10 dataset. While the values are very close to a standard Gaussian, the model still retains information from the
original input.
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Figure 6.Visualization of the predicted mean and standard deviation for a trained iCT-VE-VC model for different input images. For
visualization purpose, we perform min-max rescaling for the predicted mean and standard deviation, as they tend to have most values
close to zero and one respectively. We also turn the predicted 3 channels standard deviations to a single channel with grayscale transform.
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