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Abstract

The practical performance of generative diffusion models depends on the appro-
priate choice of the noise scheduling function, which can also be equivalently
expressed as a time reparameterization. In this paper, we present a time scheduler
that selects sampling points based on entropy rather than uniform time spacing,
ensuring that each point contributes an equal amount of information to the final gen-
eration. We prove that this time reparameterization does not depend on the initial
choice of time. Furthermore, we provide a tractable exact formula to estimate this
entropic time for a trained model using the training loss without substantial over-
head. Alongside the entropic time, inspired by the optimality results, we introduce a
rescaled entropic time. In our experiments with mixtures of Gaussian distributions
and ImageNet, we show that using the (rescaled) entropic times greatly improves
the inference performance of trained models. In particular, we found that the image
quality in pretrained EDM2 models, as evaluated by FID and FD-DINO scores, can
be substantially increased by the rescaled entropic time reparameterization without
increasing the number of function evaluations, with greater improvements in the few
NFEs regime. Code is available at https://github.com/DejanStancevic/
Entropic-Time-Schedulers-for-Generative-Diffusion-Models.

1 Introduction

Generative diffusion models (Sohl-Dickstein et al., [2015)), and especially score-based diffusion
models, have achieved state-of-the-art performance in image (Dhariwal & Nichol, |2021}; |Rombach
et al., [2022; [Song et al.,|2021)) and video generation (Ho et al.,|2022; |Singer et al.| [2022). Generative
diffusion models are obtained by reverting a forward diffusion process, which injects noise into the
distribution of the data until all information has been lost. In practice, the performance of these
models is highly dependent on the choice of a noise scheduling function that regulates the rate of
noise-injection (Song et al., [2022). In most commonly used models, a change of noise scheduling
is mathematically equivalent to a change of time parameterization. From a theoretical perspective,
the choice of time parametrization, or equivalently of noise scheduling, is not constrained by theory
since any change of time in the forward process is automatically corrected in reverse dynamics (Song
et al.l|2021). However, as explained above, the choice of time is very important practically since it
affects both the temporal weighting during training and the discretization scheme during inference.
Consequently, an ’incorrect’ choice of time variable can lead to severe inefficiencies due to the under-
sampling of some temporal windows and the redundant over-sampling of others. This is particularly
problematic since recent theoretical and experimental work suggested that ’generative decisions’
tend to be clustered in critical time windows (L1 & Chen, 2024), which have been connected to
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symmetry-breaking phase transitions in physics (Raya & Ambrodioni,|2023; Ambrpgioni, 2025;
Biroli et al],[2024| Sclocchi et al., 20R5). The "triviality" of the rst phase of diffusion prior to the
initial phase transitions has led to the idea that this early phase can be skipped in one 'jump' using a
pre-trained initialization Lyu et all (2022). These late initialization schemes can be seen as a special
case of time re-scheduling that compresses the high-noise part of the original schedule.

The idea of changing the diffusion time in a data-dependent way, also known as time-warping, was
rstintroduced in/Dieleman et al; (2022) in the context of a class of diffusion models for sequences of
discrete tokens. However, their implementation required the used of special architectures trained with
cross-entropy loss instead of the standard denoising score matching. In this paper, we show that a
natural data-dependent time parametrization can be tractably obtained for any continuous generative
diffusion model as the (rescaled) conditional entropy @fjivenx;. This choice of time leads to a
constant entropy rate, meaning that each time point contributes to the nal generation in an equal
amount. Furthermore, we show that this entropic time is invariant, meaning that it does not depend
on the original choice of time parameterization. Examples of the same SDE in the entropic time and
standard time are given in gufg 1. Furthermore, inspired by the optimality results, we introduce

a rescaled entropic time. We provide an exact tractable formula that relates these quantities to the
empirical EDM (Karras et dll, 2022) and DDPM (Song €t/al., 2022) loss, which can be used to easily
de ne the entropic time for any given trained network.

Figure 1: An example of the same SDE and its conditional entropy in the standard and entropic time.

2 Related work

Accelerated Sampling Procedures One of the most signi cant challenges in current diffusion models

is the slow generative process. Since the introduction of the connection between the diffusion models
and SDEs (Song et al., 2021), a wide array of research has aimed to address this issue by designing
better numerical integrators. Some of the research in that direction includes the works of Liu et al.
(2022) and Lu et al. (2022). An alternative line of research focuses on optimizing the sampling
time schedule itself. Sabour et al. (2024) presents a principled approach to optimizing sampling
schedules in diffusion models by aligning them with stochastic solvers, enabling higher ef ciency.
Wang et al. (2024) splits the generation process into three categories (acceleration, deceleration, and
convergence steps), identi es imbalances in time step allocation, and introduces methods to address
them, leading to faster training and sampling. Lee et al. (2024) uses spectral analysis of images
to design a sampling strategy that prioritizes critical time steps, improving quality while reducing
the number of steps. Li et al. (2023) explores joint optimization of time steps and architectures
for more ef cient generation without additional training. While much of this research focuses on
learning or empirically determining optimal sampling schedules, our work provides a more theoretical
perspective based on ideas from information theory. The closest work to ours is Dieleman et al.
(2022), in which they use a cross-entropy loss to deduce a time-warping function for diffusion
language models. However, our work differs since we analyze the standard diffusion models, where
cross-entropy is not available. Furthermore, their expression for the entropy is not exact, as it implies
an assumption of conditional independence of the tokens given the noisy state. On the other hand,



here we provide exact formulas that can be applied to any generative diffusion model trained with
denoising score matching, both in the continuous and in the discrete regime.

Connection Between Entropy, Information Theory, and Diffusion Models Diffusion models are
inherently tied to concepts from information theory, particularly in the context of denoising Gaussian
noise, which is a fundamental operation in information-theoretic frameworks. This connection has
inspired a growing body of work exploring the interplay between diffusion models and information
theory. Premkumar (2024) investigates entropy-based objectives for learning more robust generative
models. Kong et al. (2023a), Kong et al. (2023b), and Franzese et al. (2025) aim to provide a
clearer understanding of diffusion models through an information-theoretic lens. Although these
works explore the connection between information theory and diffusion models, and employ similar
equations to ours, our focus diverges slightly. We use information theory as a guide to design better
sampling algorithms. Work exploring a similar direction to ours is Li et al. (2025). However, they
explore the conditional entropy between two consecutive time steps given a xed discretization grid,
while we look at the conditional entropy between the current time step and time zero in a way that is
invariant under the change of time and discretization.

3 Background on score-matching generative diffusion

The mathematics of generative diffusion models can be elegantly formalized in term of stochastic
differential equations (SDE). Consider a target distribupi@ry) de ned by a data source such as a
distribution of, for example, natural images, sound waves, or linguistic strings. We interpret this data
source as the initial distribution of a diffusion process governed by the SDE:

dXi =f(X ¢;t)dt+g()dw ; Q)

wheredW is a standard Wiener proce$€X ;1) is a vector-valued drift function, argl{t) is a scalar
volatility function, which regulates the standard deviation of the input noise. The marginal densities
of the process can be obtained from the Fokker-Planck equation:
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where@ is the partial derivative with the respect to time &l is the partial derivative with respect

to thej -th component ok;. We denote the forward "solution kernel" of the diffusion process as
p(X: j ), which is the solution of the Fokker-Plank equationfety) = (y X o). The core idea

of generative diffusion is to sample froxg by initializing an asymptotic noise statg (whereT is

large enough for the SDE to reach its stationary distribution) and by "inverting" the temporal dynamic.
This can be done using the reverse SDE:

dX; = f(X ;1) g 2rlogp(X () dt+g(t)d W ; ®)

which can be proven to give the same marginal densities of eq. 1 when initialized with the appropriate
stationary distribution, which is usually Gaussian white noise. We denote the reverse solution kernel
of the reverse dynamics a$xo j Xt), which can be interpreted as the optimal denoising distribution.
The data-dependent key component of the reverse dynamics is the so-called score function, which
can be written as an expectation over the optimal denoising distribution:

rlogp «(Xt) = E qojx.) [F10gp t(X¢ j Xo)] : 4)

In most practical forms of generative diffusion, the score function is approximated using a deep
networks (xi;t), where the parametersare optimized by minimizing an upper bound on the
guadratic score-matching loss:
h i
Lsu() E poot ks (xi;t) rlogp (x>
h i (5)
E poorpx xoxt kS (xi;t) rlogp  ¢(x¢ jxo)k® L psw()

where (t) is a density de ned on the time axis. Note thajy() andLpsw() differ only by a
constant and therefore have the same gradients and optima. Holgyers substantially more
tractable as it does not require samples from the unknown optimal denoigejro(x



4 Optimal sampling schedule as a change of time

In this section, we revisit a result from Sabour et al. 2024 and notice some interesting features.
Inspired by it, we formalize what we mean by the change of time.

Obtaining the analytical expression for the optimal sampling schedule is dif cult and, in most practical
cases, impossible. However, Sabour et al. 2024 shows that for the EDM noise schedule (Karras
et al., 2022), the optimal sampling schedule for the ODE ow when data comes from a normal
distribution with variance? has an analytical expression. More precisely, the sampling schedule,
[tmin ;t1; :tmax ], that minimize the KL divergence is given by

t; i
arctan EI = min * W( max min ) (6)

where qin=max = arctan t”“% (see theorem 3.1 in Sabour et al. 2024). It turns out that this

schedule is also optimal for the deterministic DDIM (Song et al., 2022), which we show in Appendix
C. Moreover, since the DDIM solver is invariant under time change (Lu et al., 2022), its optimal
schedule remains invariant under time change, making it particularly suitable for comparing different
time parameterizations.

This implies that even in the simple case, the optimal schedule depends on the data distribution. In
addition, this result frames the optimization of a sampling schedule as a problem of time change.
Rather than selecting timesteps differently for different numbers of sampling steps (e.g. EDM
scheduler), theorem 3.1 shows that one should think of the sampling schedule as a transformation of
time such that the sampling schedule becomes linear in the new time. Furthermore, in section 5.3, we
will connect equation 6 with the conditional entropy production.

4.1 Change of time

The change of time in SDEs is a powerful technique used to simplify their analysis and solutions. By
altering the time variable, the dynamics of the SDE can be transformed into a more manageable form.
More information can be found in section 8:3 in Lawler (2010).

De nition 4.1. We say a function is a proper time change if it is continuous and strictly increasing.

It can be shown that given a proper time chanfyeand a random proces¥;, that solves
Epe SDEdXt = ft(Xt,t)dt +0 t(t)th ) thenYt =X (® SOlveSdYt = -(t)f t(Yt; (t))dt +

Mg ((1)dW . : Guided by the theory of time change, we de ne an equivalence between SDEs.

De nition 4.2. Given two SDEsIX; = f(X ¢;t)dt+g(t)dW  and dXs = f{X g;s)ds + g(s)dW ;
we say that they are equivalent up to a time change if there exists a proper time changes |,
such that

1.4 fix (1) =f(x1)
q___
2. 0g((®)=90.

Furthermore, we can requif€d) = 0 without affecting anything (since it is equivalent to subtracting

a constant from the original function). By requiring that, we get that a time change between two
SDEs is unique if it exists. Under a time change, the forward kernels stay the same, in the sense that
Pt(XiX 0) = d i (XjX o) holds (this follows fromY; = X (, ). Essentially, time change squeezes and
stretches the time axis but does not fundamentally change the diffusion process. Algorithm 1 shows
how to implement sampling using time change.

Given this notion of equivalence, a natural question arises: Is there a preferred or canonical time
parameterization? We argue that a conditional entrbify,ojx], and quantities derived from it

are good candidates. However, fdfix ojx;] to make sense, we assume that we are given an initial
distribution, pp(X) (that is, a data set). Therefore, besides an SDE, we require a dataset for the
entropic time. In the further text, we will always assume that the dataset is given and is the same for
different time parameterizations of SDEs.



Algorithm 1 Sampling using time change

1: procedure TIMECHANGESAMPLER(ft gy ;f(t 1)aM 5 (0);s(t);D (X );
solver(x;D ; curi next Scur; Snexd); N)

2: i (t o)+ ﬁ( (twm) ( o)forj=0;:::N 1 .Uniform spacing in new time
3t interp( j;f(t )gM;ftig")forj=0;:::N 1 . Corresponding old time
4: ~:5 ( f)s(fg)forj=0;:::N 1

5: ~s5 f0;-g;fl;sg

6: samplex N(0;~31)

7 forj2fN;:::;1gdo

8: cun next ~ ji 1

9: Scurs Snext S j1§1

10: X solver(x;D ; cun nexts Scur; Snext) . €.g. Heun, DDIM, etc.

11: end for
12: output x
13: end procedure

5 Entropic time schedules

In this section, we introduce the concepts of entropic time and rescaled entropic time. First, we provide
some reasons for using the conditional entropy as a new time parameterization. Then, we show how
to obtain the conditional entropy in practice and show its connection with commonly used quantities
in diffusion literature. Furthermore, we demonstrate that the entropic time parameterizations are
well-de ned and invariant under the initial time parameterization of the SDE. There are several
possible choices for the entropy function, which highlight different aspects of information transfer.
The most straightforward choice is the information tran3terConsider an initial source; p o
is transmitted through a noisy chanpék; j Xo), which is determined by the solution of the SDE
given in eq. 1. The noise-corrupted signal is received and decoded usingx(x The amount of
information transferred at timecan be quanti ed as the difference between the prior and posterior
entropy:

Tt =Hx o] HIX ojxt]=1[X 0;Xt] (7
whereH[X o] = E p,(x,) [109 p(Xo0)] is the entropy of the sourcBl[X ojXt] = E px o:x,) [109 p(XojXt)]
is the conditional entropy under the optimal denoising distribution,|prg X¢] is a mutual infor-
mation. Therefore, it is natural to interpret this quantity as the amount of information available at
timet concerning the identity of the source data. Up to a constant shift, this is equivalent to using the
time variable (t) = H[x jx] in the forward process. This time axis is de ned by having a constant
conditional entropy rate between the nal generated image and the noisy state at time t.

5.1 Characterizing the conditional entropy

Having established that a conditional entropy makes sense as a hew time parameterization, a question
arises: How do we calculate it in practice? In general, conditional entropy can be written as
HIX ojx¢] = HIX o] I[x o;Xt]=HIX o] +HIX tjxo] HIX (]:

In practice H[x {jX o] is easy to get once the forward kernel is known, but it is dif cult to obtain a
numerical value oH[x ;]. However, by looking at a time derivative of the conditional entropy, we
get a method for obtaining a numerical value. The time derivative is given by

Hx ojxt] = Hx tjxo] HIx(]: (8)
Hence, to know the time derivative, we need to calculate the time derivative qf Hfxcase when

an SDE is given by 4.1, the entropy production is given by
2

HIX (1= Ep e [N 01+ 3Ep o,y lirlog pix 02T ©)

The equation is a well-known expression in nonequilibrium thermodynamics for entropy production
(Premkumar, 2024). The derivation of the expression can be found in the appendix B. Similarly, we
can obtain the similar expression for Hx ¢]. Combining these two expressions, we obtain
2
H[X ojx1] = % Epceoxo) lir10g p(x jx0)ii’] E pxpliirlogp(x 1)ii%] : (10)

5



Note that this expression depends on the data distribution only through the Euclidean norm of the
score function, which is approximated by a neural network in diffusion models.

5.2 Estimating the entropy rate from the training loss

In this section, we present a connection between the conditional entropy rate and training loss. For
more details on the derivation of these results, see the Appendix F. In practice, most diffusion models
can be written using the framemg)rk introduced in Karras et al. (2022). In this framework, the SDE is
written asdX; = %Xtdﬁs(t) 2 _(t) (hdW ; with p(x¢jxo) = N(x ¢;s(t)x o;S(t)? (t) ?1) as

a forward kernel. This leads to the following conditional entropy production

. D _{(t i .
Hix o] = D SO 20 OF polirogp «(x.)i’) an
whereD is a dimension of the space (e.g. for the MNIST dataset, it wouligp In the rest of this
paper, we will be using this framework. The squared erfgrencapsulates our uncertainty at time
about the nal sample xand is given by

¢ = Epxo Epxoio[iXo E pyojx) Yolii?ll = E p, ey [tr( fojxt)]: (12)
Using the fact that we can writg; , as (t) *(1+s(t) ? (t) *H[log p:(x1)]) (see Appendix G), we
get
. t
Hpx o] = 0 2 13)
®
Recognizing thaBNR =  — andH[x ojx{] = X ; Xo], equation 13 is precisely the well-known

I-MMSE identity from information theory (Guo et al., 2005).

Furthermore, integrating over time yields an expression for the conditional entropy:

1
HIX ojx 1] = SNR(t) 2dt: (14)
0

This expression coincides with the continuous-time (in nite-step) limit of the variational lower bound
derived by Kingma et al. (2021), revealing a direct information-theoretic characterization as already
hinted by Kong et al. (2023a).

The previous results provide a simple way of estimating the conditional entropy rate from the standard
loss function of a trained diffusion model due to a close connection between the squared error and
the loss. This provides a tractable way to estimate the conditional entropy from the training error.
Note that, using the error of the model entails an approximation since the entropy is de ned with
respect to the true score function and, therefore, does not take into account the discrepancy between
the learned and true score.

To analyze this deviation, we start from a striking result: the conditional entropy production is, up to
a multiplicative factor, the gap between the explicit and denoising score matching loss in 5! In fact,
following the steps from Vincent (2011) and keeping track of the terms that are constantén

have

Lsm() =L psm() E pxoxo@ Krlogp(x (jxo)k? krlogp(x )K°: (15)
Using expression 10, we can rewrite the above equality as
2 .
Losm()=L sm()+E gH{X ojXt] : (16)
This relation can also be expressed at a single time point t as
_ @ @ h ' 2i
HIX ojx¢] + > {0 = EExt;xO s (X¢;t) rlogp (Xt jXo) ~ 17)

where 2()=E px.) KS (X¢;t) rlogp +(x1)k? denotes the mean squared error between the

true score and its neural approximation. The right-hand side corresponds to our estimate of the

conditional entropy production. It follows that the estimated entropy production always upper-bounds

the true value, with the gap determined by the disagreement between the learned and true scores,
2() . Inthis senseH[x ojx] can be interpreted as the irreducible contribution to the loss, re ecting

the intrinsic uncertainty of the optimal denoising process.



5.3 The entropic and rescaled entropic times

Here, we introduce a rescaled entropy and show that both rescaled entropy and conditional entropy
are proper changes of time and are invariant under different time parameterizations of SDE. Proofs
can be found in the Appendix D. First, we notice that in the case of continuous data, the conditional
entropy goes to negative in nity at time equal to zero. In practice, this is not observed since diffusion
models always start from a non-zero initial time. However, it adds arbitrariness to the overall curve
of the conditional entropy. To combat this problem, guided by the observation that the change of time
for the optimal sampling schedule for normally dlstﬁbuted data, eq. 6, is equal to the rescaled entropy
(see Appendix E), we introduce a rescaled entropyoa(;) HIx ojx ]d . Algorithm 2 shows how

to estimate rescaled entropy in practice (and how it was estimated in this work).

eorem 5.1. Given an SDE and initial data distributigg(x), (t) = H[x ojx{] and (t) =
S () Hlxojx ]d are proper time changes.

We call these time parameterizations an entropic time and rescaled entropic time, respectively.
Naturally, an important question emerges: How does the time parameterization of an initial SDE
in uence its reparameterized form? We show that an SDE written in entropic time is unique and
does not rely on its initial parameterization. More precisely, given two SDEs equivalent up to a time
change, the SDEs expressed in their respective entropic times are equivalent up to a time change,
with the time change being the identity function (i.e. drift and noise terms of SDES in entropic times
are related by conditions 1. and 2. from de nition 4.2, and are the same since the time derivative of
the time change is one).

Theorem 5.2. Given two SDEs as given in de nition 4.2, and following time changes
1. 1t7's=f(t)
2. ¢t 7VH ([Xojx¢]
3. s:sT7!H s[Xojxs],

it follows that
F:== s tl S H[Xojxt] 7' H s[XojXs]

is a proper time change implementing the equivalence and is equal to the identity map, F = id.

A similar result holds for the rescaled entropic time as well. Therefore, once reparameterized in
entropic time (or rescaled entropic time), no matter the starting SDE time parameterization, drift and
noise are always the same.

Algorithm 2 Estimation of rescaled entropgl\, () Hxojx 1d

1: procedure ESTIMATERESCALEDENTROPY(D(X; ), (t),s(t), ft g, , M)

2 sampleX, p oforj=1;:::;M

3: Xo [x &iiinixy

4. Rin O

5: fori2f0;:::;N 1gdo

6: sample, N(O NDforj=1;:::; M

7: 1

8: Xy, S(t |)X0+5(t ) ()

9: Ro D (Xg; (L))

10: 2 2N R x

11: Ri+1 R i+ %(tiﬂ ti)? . Riemann sum

12: end for
13: output Ri.n
14: end procedure




5.4 Spectral rescaled entropic time

We based our de nition of rescaled entropic time on optimality results for isotropic Gaussian
distributions. However, these results do not account for how different directions in an anisotropic
Gaussian in uence the optimal schedule. From equation 10, we observe that the total entropy
production can be interpreted as a sum of contributions from all basis directions, where the basis
can be any orthonormal set (since only norms of scores affect the production). This interpretation
corresponds to one speci ¢ way of weighting different directions. For image data and diffusion in
pixel space, we explore an alternative in this paper: setting the rescaled entropy in each Fourier basis
direction to be equal to 1 at the nal time (i.e., giving an equal importance for each frequency), and
then weighting them by their respective amplitudes. Theorems from the previous section still hold for
the spectral rescaled entropy since they hold for each frequency (basis). An example of the resulting
rescaled entropy across different frequencies is shown in gure 2.

Figure 2: Normalized rescaled entropy as a function of radial frequency for the red channel in
ImageNet-64, together with normalized rescaled entropy, spectral rescaled entropy, and EDM with
128 steps.

6 Experiments

We compare the performance of a few-step generation in the standard, entropic, and rescaled entropic
times for several low-dimensional examples where an analytic expression for a score is easy to
calculate. Next, we compare the performance of trained EDM and EDM2 models (Karras et al., 2022,
2024) on CIFAR10 (Krizhevsky et al., 2009), FFHQ(Karras et al., 2019), and ImageNet (Russakovsky
et al., 2015) using the FID (Heusel et al., 2017) and FD-DINOv2 (Oquab et al., 2023; Stein et al.,
2023) scores. More details about the setup can be found in the appendix H.

6.1 One-dimensional experiments

We used an analytic expression of a score function to compare the performance of a few-step
generation process in different time parameterizations in one dimension. We used equidistant steps
in the standard, entropic, and rescaled entropic times. We used the stochastic DDIM solver (Song
etal., 2022). We compared those schedules for discrete data and a mixture of Gaussians. We used the
Kullback-Leibler divergence to compare results for different schedules. An example of KL divergence
behavior against the number of generative steps is given in gure 3. In general, we can see that in the
discrete case, the entropic time outperforms other schedules by a large margin, while the standard
schedule gives the worst results. Furthermore, we noticed that when variances of Gaussians are much
smaller than the distance between them (i.e. there is no signi cant overlap between Gaussians), the
entropic schedule gives better results. However, when the variances are not negligible in the mixture
of Gaussians case, we can see that the rescaled entropic schedule gives the best results, while the



entropic schedule underperforms. This suggests that the entropic time might signi cantly improve
certain discrete diffusion models.

(a) Discrete (b) Continuous

Figure 3: Kullback—Leibler divergence against the number of generative steps for
different time parameterizations for mixture ¥ data points (discrete) arid Gaus-
sians (continuous).

6.2 CIFAR10, FFHQ, and ImageNet

We compared the performance for different numbers of generative steps using standard, entropic,
rescaled entropic, and spectral rescaled entropic (for diffusion in pixel space) times. To sample, we
used the deterministic and stochastic DDIM solver. For CIFAR-10 and FFHQ, the EDM unconditional
VP models were used (Karras et al., 2022). For ImageNet-64, the EDM2-S and EDM2-L models were
used, while for ImageNet-512, the EDM2-XS and EDM2-XXL models were used. For ImageNet-512,
we used both models: one optimized for FID and the other for FD-DINOv2.

Figure 4 gives an example of the effect of , .
different schedules on generated imagagble 1: FID scores for different sampling schedules on

We observed that the rescaled entrodT_(',; HQ 64 64
schedule produces images with lowet

FID #
brightness. The results for FFHQ are pre®"*' Schedule NFES16 NFE=32 NFE=es
sented in table 1, while the FID scores EDM 2048 2163 10.62
for FID-optimized networks and the DI-Stochastic DDIM - oo e Entropy 3081 1489 7.60
NOv2 scores for DINOv2-optimized net- Spectral Rescaled Entropy ~ 30.61 14.60 7.33
works on ImageNet-512 are reported EDM 1113 541 3.45
in table 2. We note that the using thePeterministic DDIM goceaieq Entropy 8.10 4.28 3.16
rescaled entropy schedule, model EDM- Spectral Rescaled Entropy  8.10 428 3.14

XS beats the FD-DINOvV2 result pro-
vided in Karras et al. (2024),03:39 obtained using Heun solver. We observed that the entropic
time produced unrecognizable images (see Appendix H), therefore, we have not included it in the
results. The difference between spectral rescaled entropy and rescaled entropy is small but noticeable
for stochastic DDIM, with spectral rescaled entropy performing better. In contrast, for deterministic
DDIM, the difference is negligible. Results on CIFAR10 and FFHQ, together with more examples of
generated images, are given in appendix H.

6.3 Limitations

While our results show a clear bene t of using the entropic schedules across a wide range of datasets
and fast-sampling methods, we note that these bene ts are observed speci cally for the rst-order
solvers. We tried second-order solvers as introduced in Karras et al. (2022); Lu et al. (2022) but
noticed worse results (compared to the EDM schedule). We believe this is due to the use of an
inappropriate information transfer function, eq. 7. Speci cally, the de nition we use considers only
the current time point, whereas second-order solvers also take into account the future time point when
predicting the updated state, thereby altering the entropy rate. As a result, the mismatch in temporal
perspective may lead to suboptimal performance for higher-order methods as their entropy curves
probably need to be readjusted based on the features of the solver.



Table 2: FID and FD-DINOvV2 scores for different sampling schedules for ImageNet-512

Solver Network Schedule FID # FD-DINOv2 #
NFE=16 NFE=32 NFE=64 NFE=16 NFE=32 NFE=64
EDM2-XS EDM 32.31 10.01 4.98 294.25 149.91 107.00
Stochastic DDIM Rescaled Entropy 13.64 4.98 3.80 182.11 109.68 97.10
EDM2-XXL EDM 30.39 8.80 3.81 218.10 95.21 60.79
Rescaled Entropy  13.38 3.83 2.60 108.16 57.05 46.75
EDM2-XS EDM 10.42 4.81 3.83 156.46 115.94 107.05
Deterministic DDIM Rescaled Entropy 7.57 4.44 3.75 157.32 116.52 106.84
EDM2-XXL EDM 9.68 3.47 241 79.56 52.60 46.27
Rescaled Entropy 5.91 2.78 2.14 68.36 48.26 43.83
(a) EDM (b) Rescaled Entropy

Figure 4: Comparison of generated images using EDM and rescaled entropic schedules with the same
random seed. Images were generated using deterministic DDIM with NFE = 8, 16, 32, and 64.

7 Conclusions and future work

Several avenues for future work remain open. We conjecture that using conditional entropy provides
an optimal schedule for discrete generative tasks, although we currently lack a theoretical proof;
nonetheless, our toy examples showed great promise. Empirically aligning entropic time with discrete
diffusion models, potentially in the spirit of time warping techniques such as Dieleman et al. (2022),
is an exciting direction. Beyond this, entropic time may also offer a principled framework for training
and model compression: in distillation, entropic time could identify the most informative stages
for supervision and reduce redundancy in transferring knowledge from teacher to student models
(similarly could be done for consistency models). More broadly, we propose entropic time as a
candidate training schedule, enabling learning that is directly aligned with information ow. We
are encouraged by the unexpected connection between our formulation and the continuous-time
variational objective of Kingma et al. (2021). We envision that this perspective could eventually
replace the heavy dataset-speci c optimization required in approaches such as EDM (Karras et al.,
2022), leading to more ef cient and adaptive training across diverse modalities, including medical
imaging, audio, and text. Lastly, we note that second-order solvers, which incorporate lookahead
steps, may require a fundamentally different de nition of information transfer. Developing entropic
analogues tailored to such solvers is another important direction for extending this framework.
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Answer: [Yes]
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dataset, or provide access to the model. In general. releasing code and data is often
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instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
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nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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» The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidtpes (
/Inips.cc/public/guides/CodeSubmissionPolicy) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

» At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi cation: For the main results of the paper, we believe that all the relevant information
can be found in the paper. See Appendix H.
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» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detalil
that is necessary to appreciate the results and make sense of them.
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material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
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Answer:
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is reported.
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* The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
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the main claims of the paper.
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« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:
Justi cation:
Guidelines:

« The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justi cation:
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* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

 The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: See appendix A.
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» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards

12.

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation:
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justi cation:
Guidelines:

» The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation:
Guidelines:

« The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

« At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation:
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

» According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human

subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation:
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justi cation:

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

 Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Broader impact

This work proposes entropic and rescaled entropic time schedules for generative diffusion models,
improving performance, especially in low NFE regimes, without additional training overhead. Our
approach may bene t applications relying on fast generation, such as medical imaging and digital con-
tent creation. Furthermore, our work contributes to a deeper understanding of the relationship between
information theory and generative modeling, which may inspire further theoretical advancements.

As with all generative models, there is potential for misuse in generating synthetic media that could
be used for disinformation or impersonation. Improvements in ef ciency may increase such risks by
lowering the barrier to large-scale generation.

B Entropy Production

Here, we show

2
HIX t] = Ep, ) [r(F)] + gtEEpt(xt)[ﬂflog p(X )ii%]: (18)
By looking inside the integral dﬂ[ﬁ t], we get
HXd=  pO0logp() +px )2,
7 . f(xt)
= (%) log p(xt)dxt ot p(X¢)dxt (19)
Z

P0¢) log p(x¢)dx:

Assuming our dynamic is determined by the SDE 4.1, we can use the Fokker-Planck equation to
simplify the derivzative as follows

2
Hxid= ot fi Frlogp(c ) px)  logp()dx;
z 2
= o Zrlogp(x ) rlogp(x 1) p(x)dx:
z z
hfijrlog p(x ¢)ip(x t)dx; + gl5hrlog P(x 1)irlog p(x ¢)ip(x 1)dxt
z z (20)

2
hfrp(x Oidx +  jirlogp(x ()i Zp(x)ex;

z

2
((F OP(x)dX: + & Ep, e, lirlog px )i

2
= Ep I 01+ 5 Ep e lirlog px )i

which is exactly what we wanted to show. We used integration by parts in going from the rst line to
the second and from the fourth to the fth.

C Optimal schedule for deterministic DDIM

Here, we show that the optimal schedule for the deterministic DDIM (Song et al., 2022) for the EDM
SDE is the same as the one given in Sabour et al. (2024).

Theorem C.1. Letpyaa(X) = N (0; ¢ 2I) and the diffusion process is given by the EDM SDE. Sample

Xtmm  P(Xt max) and use the deterministic DDIM using n steps along the schedule
tmax =th >th1 > >t 1>to=1min

to obtainx;,,, . The optimal schedule minimizing the KL-divergence betwepx; t min ) and the

distribution of % . is given by

min

max

i i
t. =ctan 1 - in + —
i n min n
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where
min = arctan(t min =C); max .= arctan(t max =c):

Proof. The deterministic DDIM update is given as

t,

Xt,, =Ro(Xy)+ Itl (Xt R o(Xt))

whereXo(xy,) = X ¢ +t2rlogp(x ). By using an analytical expression for the score, we get a
simpli ed expression for the update

_ Gty t

Xt,
i1 C2 +t|2

ti:

This turns out to be exactly the same update as in ODE Euler method (equation 18 in Sabour et al.
(2024)). Therefore, our claim follows from the proof of theorem 3.1. in Sabour et al. (2024

D Proofs from section 5.3

eorem D.1. Given an SDE and initial data distributigg(x), (t) = H[x ojx¢] and (t) =
S ds sH[x gjxs] are proper time changes.

Proof. As already mentioned, a proper time change must be a strictly increasing, continuous function.
SinceH|[x gjx¢] has a derivative (see section 5.1), we need to show that it is positive. However, our
claim follows from equation 13 (the squared error is equal to zero only when an initial distribution
consists of one data point). O

Theorem D.2. Given two SDEs as given in de nition 4.2, and following time changes
1. :t7ls=1(t)
2. ¢t 7TVH ([Xojx¢]
3. s:sT7!H s[Xojxs],

it follows that
Fi= 5 tl “H[Xojxt] 7' H s[XojXs]

is a proper time change implementing the equivalence and is equal to the identity map, F = id.

Proof. Immediately, we can see thgis a proper time change since it is composed of other time
changes. Similarly, using a chain rule, it is observed thiaiplements the equivalence. Furthermore,

FHxoixeD)=( s ) ¢ Helxoixe)) = s(®)=H slxoix ¢ I: (21)
However, since {{x) = q  (X) and p(x¢jXo) = (X ¢ JXo), it follows
7
H[Xojx¢] = P(Xt; Xo0) IN (P(X 0jXt))dX odXt
zz (22)

= a(X @ ;Xo)In(A(Xojx ¢y )dxoedx g =H s[XojX ¢ I

wherex; =X () (i.e. are the same spatial point) and time subscripts represent at which point in time
the probability distribution is evaluated. This proves that F =id. O

Similarly, we can prove the same claim for the rescaled entropic time gipee ( (1)) for any
proper change of time .
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E Rescaled entropy for Gaussian data

Here, we show that, in the case of the EDM noise schedule, the rescaled entropic time is the optimal
sampling schedule for the ODE ow when data comes from a normal distribution with varidnce
(equation 6).
R
Recall the expression for the rescaled entroéy( ) Hxojx ]d . From equation 11, we have
z t z t
. () Hxojx 1d = . D() s() ?A)() *Ep x)lirlogp (x )ji?’] d: (23)

Using the factsthat ()= ,s()=21andrlogp (X )= W()XW we get
YA t YA t D
() Hixox d = D 25— d
° 2, (24)
Dc t
———d =Dcarctan -
2 4+ C2 c

0
Therefore, a linear sampling schedulg,{t;t1; :::tmax ], in the rescaled entropic time is given by

t i
Dc arctan —(': =DC  min + ﬁ( max min ) (25)

. - tm\n:max N
where yin=max =arctan -==*— . Exactly the same as equation 6.

F Connection with a squared error and loss

In this Appendix, we show connections between conditional entropy production and some commonly
used expressions in the diffusion literature. Firstly, we show how the conditional entropy production
is related to the squared error at time3,

7
2= EpxoxyliXo Ro(x1)jj%]= jiXo 2 o(X0)ii?p(XtjX0)P(X0)dXdXo
Y4
(x¢ +s(t) 2 (t) 2rlogp(x 1))

2
= Xo s® P(XtjX0)P(Xo)dXdXo

The squared error encapsulates our uncertainty atttmb@ut the nal sample. The following
simpli cation of the above equation gives a more precise meaning.

(26)

¢ = E o) EponoiXo E piyopn) Yolii®ll

=E pt (Xt)[tr( )%ojxt)]:

From Appendix G, we know

(27)

V arp,i )Xol = (1) 2(1+s(t) 2 (t) *H[log pt(x1)]): (28)
Hence,

(®) 2Ep, o ltr(l +s(t) 2 (t) *Hllog p(x:)])]
(1) 2(D s(t) ? () *Epolirlog(p «(x))jj?])

2 _ 2
t~ Ept(Xt)[tr( xojxt)]

3

) (_(t)t) % s 2_() OF polirlog (x)jZ  (29
3

= (_(t)t) HIX ojx+]:
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Following notation from Karras et al. (2022) for the loss at time t, we have

L(t) =E Po(Xo0);N(;0;1) [(t) ke out (t)F S(t)X ot Cskip (t)(S(t)X ot S(t) (t) )k 2]: (30)

The formula for a prediction®x.) is given by

Cout (DF  (X¢) + Csip (DX ¢ :

Ro(Xt) = s (31)
We can express the loss at time t using the squared error as
L(H) = MEKs®x o s(t) Ro(x)k?]= O)s(t) 2 & (32)

Furthermore, using the connection between a squared error and a conditional entropy production, we
get

(1)

Hixod = s 20 2

L(t): (33)

G Tweedie's second-order formula

Assume we are given a distributiguty) that is obtained by adding a Gaussian noise to a distribution
q(x), i.e. q(yjx) = N(y;sx;s 2 2).

Now given somey p(y) , if we are interested in whick q(x) generated it, the best we can do is
guess R(Y) = Eqy) [X]. Tweedie's formula gives us

y+s? 2r logp(y)
S

Eaeay) [X]= (34)

Now, we might ask how sure we are of our guess. To answer that question, we need to look at the
variance, V a§iy) [X] = E qxiy) [X?] E qeqy) [X]2. In this section, we derive the following result

Varguy XI=s 21 yEquy XI= 2(1+s? 2H[log p(y))): (35)

However, a more general result regarding the cumulantg>g§) holds (Dytso et al., 2022). That is,
all the cumulants can be calculated using the score function and its derivatives.

Since we already havegf;y, [X], we need to nd an expression forggyy [X?].

z . z
dxwxz = dXL(X)X
p(y) p(y)
4 <900 Yax) +s 2 2r yaq(yix)
p(y) S

z
YEquiy X, s 2 ,
= r dxqg(yjx)g(x)x
S o) Y a(yix)a(x)

Eqoay [X°] a(yjx)x

(36)

Where in going from the rst line to the second, we usegq(yjx) = %*=q(yjx). However, we
seem to have encountered a problem with the second term in our expression. However, by using
a(x;y) = q(yjx)a(x) = q(xjy)p(y), for the second term we get

4 z

ry dxq(yp)ge)x=r y  dxaq(xjy)p(y)x
Z

=r y ply) dxaxjy)x =r y(p(Y)Equy X))

= Eq(xjy) [X]r yp(Y) +p(y)r yEq(xjy) [X]:

(37)
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Hence,

YEaay Xl | 8% 2
s sp(y)
_ YEaeiy D, S* (Equgy) DI ylogp(y) +1 yEqpgy) X))
S 2 2 | ( ) 252 (38)
+s2 2r ylo s
= E gy 7 9P+ 2 gy I

S
2 2

- 2, S .
=Eqeiy X1+ =1 yEqeay) [X:

Eqxiy) [Xz] = (Eq(xjy) [X]r yp(y) +p(y)r y Eqody) )}

Now, we get an elegant expression for the variance

Vargy XI1=S 2r yEquy [XI= 2(1+s? 2@y log p(y)): (39)

So far, we have been dealing with one-dimensional random variables, but it is easy to generalize all
the steps to arbitrary dimensions, which gives us the general formula

Varguy XI=s 21 yEquy XI= 2(1+s? 2H[log p(y))): (40)

H Experimental details and Additional results

H.1 Algorithms

Here, we present algorithm 3, which estimates the spectral decomposition of the squared error from
the data. Having numerical values of the squared error and its spectral decomposition can be used to
compute other entropic quantities of interest. A similar algorithm can be used to obtain entropy and
squared error for different orthonormal basis.

Algorithm 3 Estimation of spectral decomposition of(t)
1: Input: D (x; ); Encoder(x); (t); s(t); t ixo.ng » M

3: Sample% poforj=1;:::;M

4: Zo = Encoder(xp)

5: Sample; N(O;l)forj=1;:::;M

6:  z =s(ti)zo + s(ti) (ti)

7: 20=D z,; (ti)

8: forj=1;:::;M do

9: =2y z4§

10: bi = FFT2D

11: jpijz = <(biy? + =(bi)? . Modulus squared for each matrix entry
12: end for

130 B(t)= j"il jbij2 . Matrix of squared error for different frequencies
14: end for

15: output E2(t)

H.2 One-dimensional experiments

We used an analytic expression of a score function to compare the performance of a few-step
generation process in different time parameterizations in one dimension. We used equidistant steps in
the standard time, entropic time, and rescaled entropic time. All entropic quantities were obtained
from the squared error using equation 13. The squared error was estimai@deajuidistant
timesteps with 1®samples at each timestep. We used a mixture of data points (discrete case) and a
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Mixture of 5 Mixture of 15

Discrete

Continuous

Figure 5: Kullback—Leibler divergence against the number of generative steps for different time
parameterizations for a mixture of data points (discrete) and Gaussians (continuous).

mixture of Gaussians (continuous case). In both cases, the data had a mean of zero and a standard
deviation of one. For sample generation, we used the stochastic DDIM (Song et al., 2022). Results
are given in gure 5.

For the discrete case, the performance was measured by creating nonoverlapping bins around data
points,[a; ;a ;+],and calculating the Kullback-Leibler divergence between the initial distribution

and the binned distributiompg, (aj) = probability of a generated sample ending up initile bin).

A variance-preserving SDE and EDM SDE were used for our experiments. Datapoints were randomly
initialized and Kullback-Leibler divergence was estimat€d times usingl0* different paths, so the

mean and variance of the KL estimate could be obtained.

For the continuous case, the performance was measured by estimating the SDE-generated distribution
using Gaussian kernel density estimation (with a standard deviatib®’0j and then evaluating

the KL divergence using Monte-Carlo methods witlf samples. Similarly to the discrete case, the

KL divergence was estimated? times usingl0* different paths to estimate the SDE-generated
distribution.

H.3 CIFAR10, FFHQ, ImageNet

For ImageNe®B4, we used EDM2-S and EDM2-L models and for ImageNet-512, we used EDM2-XS
and EDM2-XXL models provided by Karras et al. (2024). For CIFAR10 and FFHQ, we used
unconditional VP models provided by Karras et al. (2022). For generating samples, we used
the stochastic and deterministic DDIM (Song et al., 2022). To compare performance between
different runs, we used the FID (Heusel et al., 2017) and, for ImageNet, FD-DINOv2 (Oquab
et al., 2023; Stein et al., 2023) scores provided by the Karras et al. (2024) implementation. We
used FD-DINOvV2 as it correlates better with human preferences (Stein et al., 2023). We used
implemantations provided bttps://github.com/NVlabs/edm |, for CIFAR10 and FFHQ, and
https://github.com/NVlabs/edm2 |, for ImageNet. We generat&®d000images and compared
them against pre-computed reference statistics. All reported results are from a single ( rst) run. Class
labels for ImageNet were drawn from a uniform distribution.
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For all data sets, entropy and rescaled entropy were calculated using an estimation of squared error
using equation 13. The squared error was estimated at 128 time points according to the EDM
schedule ( =7, min = 0:002, max = 80) using the Monte-Carlo method with 1024 samples at
each timestep. In order to obtain (rescaled) entropy, any numerical integration technique should work.
We decided on the simplest one, taking the difference in time steps, multiplying it by the derivative,
and cumulatively summing it up to a time point t.

We decided on 128 time points by comparing it to 512 time points for CIFAR10 and FFHQ, and
noticing no perceivable difference in the final entropy curves. Also, rescaled entropy was calculated
for ImageNet-64 with both network sizes, S and L, and there was no significant difference between
them, as expected (since it depends only on a forward process and the initial data distribution).
Therefore, we used the smallest models to estimate entropic quantities. Regarding a spectral rescaled
entropy, 10000 images were used to estimate amplitudes of different frequencies.

As already stated in the main text, the entropic time generated blurry images and was not used for
further comparison. An example of images generated with the deterministic DDIM solver using the
entropic schedule over 64 steps, with the EDM2-L model, is given in figure 6. Results obtained for
CIFAR10 and FFHQ are given in tables 3 and 1, respectively. Results for ImageNet-64 are given
in table 4. Examples of generated images for ImageNet-64 using the EDM and rescaled entropy
schedules are given in figures 8 and[9] For the sake of completeness, we include FID and FD-DINOv2
scores for models optimized for FID scores and models optimized for DINO scores in tables [5]and
[l respectively. We observe some interesting behavior of these results, such as DINO-optimized
models giving better FID than FID-optimized ones for NFE=16. Also, we can see that the FID score
can go up while the DINO score steadily decreases for DINO-optimized models. This shows that
those two metrics asses and value vastly different properties of generated images. In addition, we
notice that our DINO results are comparable to the results provided in Karras et al.|(2024) obtained
using Heun second-order solver. Figure[/|show how the number of function evaluations affect the
generated images when using EDM and rescaled entropic schedules. Examples of generated images
for ImageNet-512 using the EDM and rescaled entropy schedules with stochastic DDIM are given in
figures [0} [TT} and [T2} while Examples of generated with deterministic DDIM are given in figures [I3]

[[4] and[13]

Table 3: FID scores for different sampling schedules on CIFAR10 32 32

Solver Schedule FID #
NFE=16 NFE=32 NFE=64
EDM 33.30 13.76 6.36
Stochastic DDIM R aled Entropy 2007 844 465
Spectral Rescaled Entropy 19.77 8.28 4.47
EDM 9.06 4.18 2.77
Deterministic DDIM Rescaled Entropy 6.07 3.30 2.52
Spectral Rescaled Entropy 5.95 3.24 2.51

Table 4: FID and FD-DINOvV?2 scores for different sampling schedules for ImageNet-64

Solver Network  Schedule FID # FD-DINGv2 #
NFE=16 NFE=32 NFE=64 NFE=16 NFE=32 NFE=64
EDM 2003 8.18 381 26360 13567  86.32
EDM2-S  Rescaled Entropy 1169 495 275 19402 10955 8125
Stochastic DDIM Spectral Rescaled Entropy 1146 4.76 270 19381 109.16  79.75
EDM 260 946 444 28474 14170 79.86
EDM2-L - Rescaled Entropy 1356 559 306 20827 10831  72.06
Spectral Rescaled Entropy 13.46 5.51 2.99 207.76 106.42 70.37
EDM 5.00 249 190 12825  99.64  92.88
EDM2-S  Regcaled Entropy 346 215 177 11726 9828  93.34
Deterministic DDIM Spectral Rescaled Entropy  3.54 212 180 11850  99.01  95.14
EDM 5.49 255 182 12035 8457 7487
EDM2L  Reccaled Entropy 3.63 2.09 165 10488 8198 7587
Spectral Rescaled Entropy 3.75 2.09 1.61 106.52 82.64 75.16
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Table 5: FID and FD-DINOV2 scores for different sampling schedules for ImageNet-512 for models
optimized for FID scores

Solver Network Schedule FID # FD-DINOv2 #
NFE=16 NFE=32 NFE=64 NFE=16 NFE=32 NFE=064
EDM2-XS EDM 32.31 10.01 4.98 419.27 199.69 131.94
Stochastic DDIM Rescaled Entropy 13.64 4.98 3.80 280.82 154.24 124.07
EDM2-XXL EDM 30.39 8.80 3.81 337.23 127.69 68.97
Rescaled Entropy ~ 13.38 3.83 2.60 186.68 82.47 57.41
EDM2-XS EDM 10.42 4.81 3.83 212.78 154.41 137.68
Deterministic DDIM Rescaled Entropy 7.57 4.44 3.75 222.15 161.79 142.22
EDM2-XXL EDM 9.68 3.47 2.41 137.35 81.26 65.75
Rescaled Entropy 591 2.78 2.14 125.35 79.80 66.75

Table 6: FID and FD-DINOV2 scores for different sampling schedules for ImageNet-512 for models
optimized for DINO scores

Solver Network Schedule FID # FD-DINOv2 #
NFE=16 NFE=32 NFE=64 NFE=16 NFE=32 NFE=64
EDM?2-XS EDM 17.14 8.76 7.34 294.25 149.91 107.00
Stochastic DDIM Rescaled Entropy 7.76 6.39 6.43 182.11 109.68 97.10
EDM2-XXL, EPM 15.94 7.36 6.06 218.10 95.21 60.79
Rescaled Entropy 6.84 5.02 5.03 108.16 57.05 46.75
EDM2-XS EDM 7.16 5.97 5.80 156.46 115.94 107.05
Deterministic DDIM Rescaled Entropy 6.00 5.31 5.40 157.32 116.52 106.84
EDM2-XX[, EPM 5.48 4.10 4.03 79.56 52.60 46.27
Rescaled Entropy 3.81 3.54 3.70 68.36 48.26 43.83

Figure 6: Images generated with the deterministic DDIM solver using the non-rescaled entropic
schedule over 64 steps, with the EDM2-L model. It is clear from these images that rescaling is crucial
in the continuous regime, probably due to the divergence of the differential entropy att ¥ 0.
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(a) EDM (b) Rescaled Entropy

Figure 7: Comparison of generated images using EDM and rescaled entropic schedules with the same
random seed. Images were generated using deterministic DDIM with NFE = §, 16, 32, and 64.

(a) EDM (b) Rescaled Entropy

Figure 8: Images generated with the stochastic DDIM solver using the EDM schedule (left) and
rescaled entropic schedule (right) over 64 steps, with the EDM2-S model.

(a) EDM (b) Rescaled Entropy

Figure 9: Images generated with the stochastic DDIM solver using the EDM schedule (left) and
rescaled entropic schedule (right) over 64 steps, with the EDM2-L model.
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