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ABSTRACT

Energy-Based Models (EBMs) offer a principled framework for modeling com-
plex data distributions. However, their training via contrastive divergence is often
hindered by slow and unstable MCMC sampling—especially in high-dimensional
settings. Recent advances such as diffusion recovery likelihood and cooperative
diffusion recovery likelihood (CDRL) improve tractability by training conditional
EBMs across multiple noise scales. These methods rely on Langevin sampling
at each scale, translating to slow inference. In this work, we propose VDRME
(Variational Diffusion Recovery with Multiscale Energy), a novel framework that
amortizes MCMC sampling at each scale using conditional generators. We train
conditional EBMs using a variational lower bound on the maximum likelihood ob-
jective, enabling efficient one-step sampling per scale. To further enhance diver-
sity and prevent mode collapse, we introduce entropy-based regularization of the
generators. Unlike diffusion GANs, which rely on adversarial losses and classi-
fier guidance, VDRME maintains a fully energy-based formulation and produces
informative energy priors for downstream tasks. Our experiments demonstrate
that VDRME achieves fast, few-step generation with high perceptual quality, im-
proved convergence, and strong performance on downstream tasks such as out-
of-distribution detection and density estimation. By replacing score-based train-
ing with multiscale generators and avoiding traditional MCMC, VDRME offers
a scalable, interpretable, and efficient alternative to existing EBMs and diffusion-
based generative models.

1 INTRODUCTION

Energy-based models (EBMs) have long served as a powerful framework in machine learning (Song
& Kingma, 20215 Yoon et al., 2023} [Pang et al.,2020; Nijkamp et al.,[2019), with applications span-
ning image generation (Gao et al., 2020b; |Zhu et al., 2023)), natural language processing (Gladstone
et al.| [2025), discriminative learning (Guo et al.}[2023a; |Grathwohl et al.||2019a), and reinforcement
learning (Haarnoja et al.l |2017). In imaging, EBMs are particularly compelling as expressive pri-
ors for inverse problems (Chand & Jacob, |2024bja)), out-of-distribution (OOD) detection (Liu et al.,
2020), and compositional generation Thornton et al.|(2025). Traditionally, EBMs are trained using
contrastive divergence (CD) (Du et al., [2021; Wang et al., [2022)), which maximizes the energy gap
between real and synthesized samples (Gao et al.,|2020b; |Zhu et al., 2023} |Grathwohl et al., [2019a;
Song & Kingmal 2021). Despite its theoretical appeal, CD training is computationally intensive
due to the reliance on iterative Markov chain Monte Carlo (MCMC) sampling to synthesize fake
samples. Moreover, the adversarial training strategy often suffers from instability.

Diffusion models offer an alternative by leveraging score-based training (Ho et al.l [2020a} [Song
et al.l [2020aib; Kim et al., 2021)), where the conditional distributions are learned across noise levels
in a diffusion process. These models only learn the gradient of the log condtional densities (score),
which are then used to synthesize data via ancestral sampling from Gaussian noise. Diffusion models
can be interpreted as a time-indexed sequence of energy-based models, where the score function
corresponds to the negative gradient of an underlying energy function. Diffusion models do not
explicitly constrain the score to be the gradient of an energy function; parameterizing the score as
the gradient of an EBM offers a compelling alternative, and satisfies several desirable properties
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including conservative nature of score and ability to compose multiple EBMs to obtain a composite
EBM at inference time |Thornton et al.[(2025)). In addition, diffusion models require an expensive
ODE to estimate the likelihood, unlike EBMs that explicity provide the likelihood of a sample; this
property makes EBM attractive in downstream tasks including out of domain (OOD) estimation.

Several efforts have been directed to improve the sample quality of EBMs in the recent years. For
instance, Diffusion Recovery Likelihood (DRL) (Gao et al.l 2020b) proposed to train a sequence of
EBMs for the marginal distributions of the diffusion process, motivated by diffusion models. DRL
simplifies the EBM training by focusing on conditional distributions (conditioned on the previous
noise scale), which are easier to sample from than marginals. DRL relaxes the assumption of the
reverse diffusion process being a Gaussian that is commonly made by diffusion models, which
are only valid when the step-size is small. This relaxation allows the use of significantly fewer
noise scales (6-8) than conventional diffusion models. Recently, EBMs that can generate high-
quality samples that closely match state-of-the-art diffusion models were introduced in [Thornton
et al.[(2025)); they relied on initialization of the EBM model using pretrained diffusion models, and
a distillation-based training strategy.

Recent years have seen rapid advancements in reducing the sampling burden in diffusion and flow
models. The approaches including distillation (Kim et al., 2025)), consistency models (Song et al.,
2023)), and mean flow models (Geng et al, [2025) learn deterministic paths from an initial prior
density to the data distribution, enabling impressive single or few-step sampling. In a parallel effort,
several authors have proposed to combine diffusion models with adversarial training strategies (e.g.
UFOGen (Xu et al.}[2024)) and initialization using pretrained diffusion models to offer few or even
single-step image generation. Despite the advances in EBM models described above, the area of few-
step generation remains largely unexplored with EBMs. For instance the DRL approach still needs
about 30 Langevin steps for each of the 6-8 noise scales. While cooperative Diffusion Recovery
Likelihood (CDRL) (Zhu et al., 2023) enhances efficiency by introducing amortized initializers,
they still require 15 Langevin steps per scale. While the quality of samples generated has improved
significantly with distillation, the number of function evaluations (NFE) required is still substantially
higher than in the most recent diffusion and flow-based methods [Thornton et al.| (2025). The main
focus of this work is to introduce a principled EBM model for few-step image generation, offering
a scalable and efficient alternative that unifies EBMs with modern diffusion frameworks.

We propose VDRME, a novel framework bridging EBMs and diffusion models to reduce sampling
burden. Our approach is based on the reinterpretation of the maximum likelihood estimation as a bi-
level variational optimization problem (Grathwohl et al. [2020). This formulation amortizes costly
MCMC sampling at each scale using a generator, which takes samples from the previous scale and
noise to create current scale samples. The above works|Grathwohl et al.|(2020) utilized this approach
in a single-scale generation setting, akin to a traditional GAN. In contrast, our method tackles a mul-
tiscale setting; generating samples at each scale from previous scale ancestors is simpler than from
pure noise; this sequential process makes training more stable and less prone to mode collapse. With
the assistance of the conditional energy with diffusion recovery likelihood and entropy estimator, the
training and sampling process are more tractable. Unlike diffusion GANs, which rely on adversarial
losses and classifier guidance, VDRME maintains a fully energy-based formulation and produces
informative energy priors for downstream tasks.

Our contributions are as follows:

* We reformulate the maximum likelihood training of the conditional energy models at each
scale of the DRL model as a bi-level variational optimization (Grathwohl et al [2020),
involving a conditional generator. This replacement enables us to significantly reduce the
sampling burden of DRL.

* We regularize the generator at each scale using an entropy regularization term, which sta-
bilizes the optimization and enhances sample diversity.

* We show that VDRME achieves state-of-the-art performance among EBMs on benchmarks
such as CIFAR-10 and ImageNet 256, while maintaining lower sampling computational
cost than current EBM methods.

* We demonstrate the versatility of our framework in density estimation and out-of-
distribution detection.
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2 BACKGROUND

2.1 DIFFUSION AND ENERGY-BASED MODELS

Diffusion models constitute a prominent family of generative models, where noise is gradually in-
jected through a forward diffusion process over T steps with variance schedule {3;}. Specifically,
the transition diffusion forward distribution is defined as

Tip1 ~ p(xiga|zi) == N (s Vo, xg, By, I); i={0,..,K -1} (1
where a; = 1 — ;. The noisy image x; can be also be expressed in closed form in terms of the clean
image xo: T; ~ q(x;|T0) := N (45 Vo, BiI), where ay = Hfi‘ol(l — i) and B = 1 — 4.

Diffusion models aim to learn the reverse process, or equivalently the conditional distributions
po(x;|Tit1). Score-based diffusion models train a neural network eg(x,¢) to predict the noise €
added during the forward process:

2
Esimple = ]Eaco,e,t |: €—€p (\/@130 +v1-— Q€ t) H :| . 2
The above approach makes the assumption that the backward diffusion process, or equivalently the
conditional distribution pg(x;|z;1+1) = N (z;|T;, B;I) is Gaussian; this enables the approximation
of the mean Z; using of Tweedies formula. Unfortunately, this approximation holds only when the
step size t;+1 — t; is small, which translates to long MCMC chains, and hence high computational
complexity, during inference.

Energy-based models (EBMs) define a probability distribution through an unnormalized energy
function. For a random variable = ~ p4ata, an EBM model can be explicitly denoted as:

e—Fo(x)
Zy

where Ejy is a parameterized nonlinear function (often implemented as a neural network), and the

normalization constant Zy = [ « Eo(x)dz ensures a well-defined probabilistic model. The classi-

cal approach is the maximum likelihood training § = arg maxy log pg(z), which translates to the
minimization of the loss :

f = arg mein (Ex"’pdata [Eg()] — Eznpy [Eo(z)] ) 4)

‘The second term involves samples from the model distribution pg, which are derived using Langevin
iterations; the long MCMC sampling chain that is needed often contributes to high computational

complexity of the algorithm. While several approximations (e.g. replay buffer as in|Du et al.|(2021))
may be used, they may also contribute to training instability in the above adversarial training strat-

cgy.

Dy = 3)

2.2 DIFFUSION RECOVERY LIKELIHOOD

Unlike conventional EBMs that directly model the data distribution as in equation [3| diffusion re-
covery instead learns the conditional distribution of the form pg(x;|x;+1) in terms of p(x;). With
the forward diffusion in equation |1} the conditional density can be obtained using Bayes’ rule (Gao
et al.[|(2020b) as

po(Tilzit1) = % exp(—Ey(zi,t;)) exp (

. H\/ Qi q Tty — xi+1||2 (5)
Zy(t; ’

20,
where Fy(x;, t;) is the energy corresponding to the marginal distribution pg(z;, ¢;). The multipli-

cation by the second Gaussian term attenuates regions of p; away from the mean x;1//a;. The
conditional EBM at each time scale is given by

|v@airt ze, — zia)?
204,

Eo(zi|Tiz1,t:) = Ep(mi, t;) + (©)

DRL relies on ancestral sampling, proceeding through a sequence of samples z;, ~ pg(x;);i =
K —1,..,0. At each scale, it relies on Langevin sampling to derive samples from py(z;). The total
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Figure 1: Overview of the VRDME training and inference: The goal is to train a few-scale energy-
based model Ey(.,t;). Current multi-scale models use ancestral sampling using Langevin MCMC
at each scale, resulting in slow inference. We amortize the Langenvin MCMC using conditional
generators, thus reducing the NFE to the number of scales. The i*? generator receives images from
the (i + 1) generator, together with a noise input z;. The generator outputs can yield samples non-
Gaussian conditional distributions. Score-based diffusion models assume the reverse diffusion to be
Gaussian, which is only valid when the step size is small; our formulation thus enables the use of
larger steps, thus reducing the number of steps. The components used only during training are shown
in red. During training, the output of the i*" generator denoted by Z; is fed to the diffusion likelihood
loss equation @ which uses the generated images from the previous scale Z;1 as condition. The
total loss at each scale is the difference of the diffusion likelihood between the true images x; and
the generated images 7; and the entropy estimate equation as shown in equation Entropy
regularization minimizes the risk of mode collapse and training instabilities.

number of sampling steps are thus determined by the number of scales K, as well as the number of
Langevin steps at each iteration. DRL uses around 6 scales and 30 MCMC steps per scale Gao et al.
(2020c). An initializer was used in CDRL to reduce to 15 MCMC steps per scale. The main focus
of this work is to amortize the expensive MCMC steps at each scale using a entropy regularized
network, thus significantly reducing the computational complexity of training and inference.

3  VARIATIONAL DIFFUSION RECOVERY WITH MULTISCALE ENERGY

3.1 VARIATIONAL APPROXIMATION OF MCMC SAMPLING

By extending equation ] the maximum likelihood training of the sequence of EBMs can be formu-
lated as the minimization of the loss function

K-2

LO)= > (]Exin(:ci\zi+1) [50(561'\3?#1)} + log Ze(ti)) (7)

=0

DRL uses equation 20| for the second term to obtain

K-2
0" = arg min ; (Barer e, [Fo(@)] — Eang, [Eoa)] ) ®)

which involves costly Langevin dynamics. Instead, we utilize a sequence of generators to sample
from the conditional densities at each energy scale, replacing iterative MCMC updates with amor-
tized inference.

We focus on the second term in equation [7] for a specific ¢;. The result (Grathwohl et al] (2020)
demonstrates that the second term has a lower bound based on an approximation g (z;|z;t+1,t;) of
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the true conditional distribution p(x;|x;1):
log Zy(t;) = max (= Eaimgu(@iss it [€o(@ilwizr, )] + Hlgg(zig1, t:)]). ©)

See Appendix for details. The last term is the entropy of g4. The equality holds when ps = g¢g.
Combining with equation |/ the joint optimization scheme is given by

K—2
{07,¢"} = arg Hbin m(;lX Z (Ep(m7¢|m,,+1)[50(1'72|x72+17ti)]_]Eq¢(m,,+1,t,,)[gﬂ(xi|xi+1ati)}+Hq(xi+17ti))
i=0

10)
The above result can be seen as a generalization of the single-scale approach in |Grathwohl et al.
(2020) to the multiscale setting. We model the samples ; from gy (z;|zi41,1;) as

@ = G(xi+1,zi7ti); Z; NN(O,I), 1€ [O,K — 2] (11

We denote these generated or fake samples by Z; to differentiate them from the true samples x;
generated by equation[I] Here, G is a scale-dependent generator that takes in z; 11 and a Gaussian
random variable z;, approximating the MCMC sampling process from the distribution p(z;|z;+1).
The entropy term in the generator promotes diverse samples and utilizes the noise input. The overall
optimization is framed as a joint min-max game, akin to GAN models, encompassing all diffu-
sion steps. This adversarial variational objective enables training EBMs without explicit Langevin
sampling while ensuring high-dimensional data sampling, diversity, and stability.

This formulation resembles diffusion-GAN methods such as UFOGen, but differs on multiple fun-
damental terms. UFOGen models &; ~ N (;; VaZo, Bl ) which is a Gaussian approximation of
p(x;|z;y1) that is only valid for small steps. By constrast, our generator eliminates the Gaussian
restriction, resulting in improved quality, as seen from our results. Diffusion GAN models often
minimize the Jensen-Shannon divergence between p(z;|x;+1) and g4 (x;|zi41, ;) at each scale, to-
gether with a KL divergence loss on the marginals Xu et al.|(2024)). In contrast, our loss at each scale
resembles Wasserstein GAN (WGAN) loss. However, we do not constrain the classifier’s Lipschitz
constant, which typically aids the WGAN training stability. Instead, we maximize the generators’
entropy as a regularizer to reduce mode collapse risk. Additionally, the quadratic likelihood term
emphasizes specific regions of the probability densities, further mitigating the risk of mode collapse.

3.2 ENTROPY ESTIMATION

To estimate the entropy term H,, in Equation [T0, we employ two non-parametric estimators: a
1-nearest-neighbor (1-NN) estimator |[Lombardi & Pant| (2016) for the entropy for low-dimensional
data (e.g., checkerboard experiment) and a mutual-information approximation for high-dimensional
cases such as images. In the 1-NN estimation, we generate two set of samples from g, (z;|2;+1),
denoted by (Z;); and (Z;)2 using the generator by fixing the condition z;41 and by varying the noise
realizations. We use the following relation where d is the dimension|Lombardi & Pant| (2016)):

Hiny = dlog (2]/(@)1 = @)a] ) + . (12)

where c is a constant. Intuitively, entropy maximization will encourage (Z;); to be separated from
(Z;)2, thus preventing from collapsing to a single point.

In higher dimensions, we maximize the entropy of g4 using the method in Kumar et al.| (2019).
Assuming x;1 is deterministic in equation the entropy of Z; ~ gg(z;+1,1;) is defined by

H(Zi|vip) = (@, zilwi) + H(T| 20, wi1) = 1T, 2l Tie) + H(G($i+17 i, ti)| 2, $i+1)

=0
= I($i72i|xi+1)a (13)

where I(x;, z;|x;11) is the mutual information between x;, and z;. The last term in the first equation
is zero because, given x4 and z;, the generation process is deterministic. Thus, entropy estimation
reduces to the mutual information between generated samples z;, and z;; maximizing the mutual

lHere’ To = (xtiJr] - E¢(l‘ti+1 )7 ti+1)/ V a,
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information between z;, and z; in equation [T1] ensures the generator accounts for its noise input
z. We approximate mutual information using Jensen-Shannon divergence between the joint distri-
bution p(z;, z;) and the product of the marginals p(x;)p(z;). Specifically, we form positive pairs
(x4, 2;) and negative pairs by permuting samples in each batch. The estimator is approximated as
H(zi|xiy1) = Ijsp(x;, 2;), where:

Iysp(ws,2i) = sup OEPUH,zﬂzﬂﬂ)P—SP(—thlh7Zﬂxi+1)ﬂ-—Ep«mLm+1nxa)bp(74($i>ZH1H+1)H>7

(14)
where sp is the soft-plus function and T, is a trainable network parameterized by ). We simulate
the samples from p(z¢|x;11)p(2) by a random permutation of the z samples in the batch.

3.3 GENERATOR PARAMETERIZATION

We adopt the DDPM-style parametrization with a variance scheduler 3; mentioned above, where
VB, = VIT—ay, and \Joy, = \/ 0‘(;1:1 = \/ 11_52:1 . We use K EBMs/generators indexed by
{i = 0,..,K — 1}, with boundary tx = T = 999, t; = 0. In this work, we used a DDPM
backbone, which uses the formulation x;, = +/dy, o + /1 — &u,6; where € ~ N(0,1) To
benefit from the inductive bias of the DDPM backbone, we implement the generator using a noise
predictor €4(xit1, 2i,t;) as

1 = =
Ty, = 7<$t+1 —\/ Bt €¢($i+172iati>) + 1/ Bri€g(wiy, zis ts) (15)
V1= 5 i

Go(@iy1q,24.15)

While the above formulation is adapted from DDPM, there are key differences. There is no additive
random noise term in the above expression as in DDPM. By contrast, a random noise term z; is
injected into the noise predictor €5. This approach allows the non-linear generator to model the
non-Gaussian nature of the distribution ¢(x;|x;1). Note that DDPM models the reverse diffusion
process to be Gaussian, resulting in a large number of steps.

3.4 IMPLEMENTATION DETAILS

Combining equation[I0] with equation[T4] the complete loss is specified by
K—2

L(0,¢) = Z (Ep(mi|mi+1)[50($i|xi+17ti)] — By, (i) [€0 (il iz, t:)] + Iisp (s, Zi)) (16)
i=0

Similar to GAN training, we alternate training generators and energy models.

Generator update: Generator parameters can be optimized as

K2
& = arg max Z ( =By, (@it [€0(xil i, t:)] + Lisp (s, Zi)) 17)
i—0
K—2
_ argngn (EZin(Z) [59(G(xt¢+1vzi7ti)j| — IJSD(G(«CUtHl,Ziati)vzi)) (18)
i—0

Thus, the generators G(xy,,,, i, t;) aim to minimize the diffusion likelihood losses specified by
equation [6] while maximizing the Jensen-Shannon divergence between the joint and product distri-
butions. The second term encourages the generators to generate diverse samples, which amounts to
a smoother distribution ¢,4(t) that serves as a regularization to prevent mode-collapse and improve
stability.

EBM update: Because the JSD term and the likelihood terms are independent of the EBM parame-
ters, they can be updated as

K-—2
6 = argmin 3 (]Extin(mle)[Eg(mi, t)] = Bayp(o) [Ea (G (1, 2, ti))]) (19)
i=0
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The EBM at each scale i is trained to decrease the energy of real samples while increasing the
energy of generated samples. To account for x, ~ p(x;|x;41), we derive them as z;, = \/day, xo +

V1—ageand x;11 = /g, To+ /1 — a4, € with the same batch of z¢ and noise realizations

€.

Algorithm 1 VDRME Training

Input: Number of scales: K, variance schedules o, , 3¢,;7 = 0, .., K — 1, Energy network Fy, €4
that defines the generator, initialized by DDPM weights, entropy estimator 17,
Hyperparameters: Weights A\, = 1. and A, = 0.01.
Output: Parameters 6, &¢.
while True do
Sample pairs (2;41, ;)
Sample Z; ~ gy (zi|z;+1,t;) using equation|15|and a noise realization z;.
Update 6 using equation[I9} assuming ) and @ to be fixed
Permute noise realizations in the batch to evaluate JSD loss using equation|T4]
Update ¢ using equation[I8] assuming 6 and 1) to be fixed.
Update 1 to maximize equation[T4] assuming ¢ and ¢ to be fixed
end

4 EXPERIMENTS

This section demonstrates the VDRME frame-
work’s rapid sampling capability and its appli-
cations. We present samples generated by the
VDRME framework on CIFAR-10 and ImageNet-
256 in Section [F.2] and Section B3] evaluated
mainly using Fréchet Inception Distance (FID). We
also highlight the versatility of the learned energy
priors in downstream tasks such as density estima-
tion and out-of-distribution detection (Section [4.1]
and [4.4). Our results indicate that the energy model
performs competitively and often surpasses other
methods on both tasks. Additional samples, com-
parisons, and experimental details are in the Ap-
pendix.

4.1 VERIFICATION IN A TOY DATASET Figure 2: Unconditional samples generated by
VDRME trained on CIFAR-10 (unconditional
training) using 8 sampling steps. The model
achieves an FID score of 6.90.

We perform the classical checkerboard experiment
to validate the approach in a low-dimensional set-
ting. Failures in this task are often attributed to
mode collapse and an irregular energy landscape. As discussed previously, we estimated the en-
tropy term using nearest-neighbor estimation. As seen from Figure 3] the approach can provide an
accurate estimate of the density and provide evenly spaced samples, even with five-step sampling.

4.2 UNCONDITIONAL GENERATION

We evaluate our method on CIFAR-10 (32x32) in the unconditional generation setting. The results
are summarized in Table [T] Our approach achieves a few-step generation with competitive im-
age quality, outperforming existing EBM methods without relying on teacher models or distillation
losses. We note that the performance improves consistently as sampling steps increase from 4 to 8;
the samples with 8 steps are shown in Figure 2] demonstrating sharp and diverse generations across
categories. Importantly, our model achieves these results with a significant reduction in the number
of function evaluations (NFE), which are comparable to state of the art diffusion and flow-based
models, highlighting its improvement relative to prior EBMs. To stabilize training, we initialize the

backbone with a pre-trained U-Net from DDPM 2020a). While CDRL (2023)

offers better FID than our method with NFE=90, the quality of the samples deteriorate with decreas-
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Table 1: Comparison of FID scores and sam-
pling steps on CIFAR-10 generation. Our ap-
proach achieves high image quality with the
fewest sampling steps among the BEMs. The
models cover the training with score-matching,
contrastive divergence and distillation methods.

Table 2: Comparison of FID scores and sam-
pling steps on ImageNet-256p generation. Our
method achieves the best performance among
EBMs and remains competitive with GAN-
, diffusion-, and autoregressive-based models.
We also evaluate the effects of entropy regular-

ization and noise input using FID scores.

Models Steps FID |
Explicit EBM based method Type Model Steps | FID |
NT-EBM (Nijkamp et al. 12020} - B2 GAN  UFOgen (Xu et al.|[2024} 4 787
LP-EBM (Pang et al.][2020} 40 70.15 X :
X - : GAN  BigGAN (Brock et al.| 2018) 1 695
Adaptive CE (Xiao & Han[2022}) 40  65.01 . g
g GAN  GigaGAN (Kang et al.}[2023) 1 3.45
JEM (Grathwohl et al.2017b} - 3840 GAN  StyleGAN-XL (Saver et al.|[2022] 1230
EBM-IG (Du & Mordatch] 2019} - 3820 '
EBM-FCE (Gao et al.[|2020a) - 3730 DM  ADM (Dhariwal & Nichol/[2021) 250 10.94
CoopVAEBM (Xie et al.|[2021) 15 3620 DM  LDM (Rombach et al.[[2022} 250 3.60
Divergence Triangle (Han et al.||2020) - 30.10 DM VDM++ (Kingma & Gao|2023) 250 2.40
VARA (Grathwohl et al.] 2020} - 2750 DM  DiT (Peebles & Xie]2023) 250 2.27
EBM-CD (Du et al.}|[2020) 40 25.10 AR VQVAE2 (Razavi et al.]2019} 5120 3111
GEBM (Arbel et al.|[2020) - 1931 AR VQGAN (Esser et al.| 2021} 256 18.65
HAT-EBM (Hill et al.[[2022) 50  19.30 AR RQTran (Lee et al.|2022} 68 7.55
CF-EBM (Zhao et al.|[2020b) 60 16.71 AR Step Distillation (Salimans & Ho|[2022} 41092
CoopFlow (Xie et al.[[2022) 30 15.80 AR VAR (Tian et al.|[2024) 10 197
CLEL-base (Lee et al.|[2023a) 600 15.27 AR MAR (Li et al.|[2024) 32 1.93
VAEBM (Xiao et al.]2020} 16 1216 ;
CDRL (Guo et al.][2023b) 18 9.67 EBM EBM'IG"zgzg;D“ fgl‘l M‘?rlda5$22m9' I ‘2‘;'20
DRL (Gao et al.|2020c} 180 958 EBM  HAT-EBM-128 (Hill et al 2022} -37
! EBM EGC (Guo et al.|[2023a) 1000 6.05
CLEL-large (Lee et al.|2023a) 1200 8.61 EBM ADRME (O 4 462
CDRL (Guo ot al.][2023b} 90 431 (Onrs) :
Distilled-EnergyDiffusion (Thornton et al.||2025) 35 3.01 . .
DRSO + -5 Noiseinput Entropy Loss FID |
VDRME (Ours) 6 7.62
VDRME (Ours) 8 690 X v 6.43
v X 5.79

ing NFE. Similarly, the recent distilled EBM [Thornton et al.|(2025) also requires significantly more
steps to achieve a low FID.

4.3 CONDITIONAL GENERATION Table 3: Comparison of AUROC scores for
OOD detection based on CIFAR-10 with-
out further fine-tuning VDRME. Our results

We evaluate conditional generation on the large- .
demonstrate superior performance.

scale ImageNet benchmark using a latent EBM.
We use the stable diffusion variational autoencoder

R CIFAR-10 ~

(Rombach et al] 2022) to derive the latents. We interp,  CIFAR-100 CelebA ~ SVHN
adopted the pretrained DiT architecture from (Pee-| GOVttt 051 05 o5 ox
bles & Xie, [2023) as the backbone for the denoiser.  NVAE (¥hds EKa 300 004 0% 068 042
We added some initial layers to this architecture, vaesm (Saoetalz020] 070 062 077 083
. . . EBM-CD (Du et al.; 2020} - 0.53 0.54 0.78
which takes in the concatenated image x;1 and crer {Leceralip0s3] 072 072 077 098
the noise z; and returns a single image to the back- - G0 075 o e
1 1 VDRME (Ours)-S4 0.72 0.55 0.86 0.84

bone. The examples shown in Figure 5| correspond o o7 o ose o

to class conditional generation, without any guid-
ance term. Each row corresponds to a specific class
in ImageNet. The qualitative results are reported in Table 2| To the best of our knowledge, this is
the first study to evaluate few-step generation within EBMs for image sizes over 256, establishing a
reference point for future EBM development.

We perform an ablation study reported in the bottom of Table |2} where we evaluate the benefit of
the different components. We report the performance of the model with no noise input, with no
entropy term, and with both noise input and entropy term. The results show that both components
are essential for high-quality generation.



Under review as a conference paper at ICLR 2026

Energy Histogram (percent) — CIFAR-10 vs OOD
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Figure 3: Evaluation of the energy of VDRME  Figure 4: Quantitative evaluation of the distri-
at different scales for density estimation. The bution differences on benchmark: CIFAR-10
density landscape is smooth and evenly dis- Interpolation, CIFAR-100, SVHN and CelebA
tributed. with KS and Cohen’s d statistics.

4.4 OUT-OF-DISTRIBUTION-DETECTION

Energy-based models (EBMs), by design, incorporate an intrinsic informative energy prior that
makes them particularly well-designed for out-of-distribution (OOD) detection. Leveraging this
property, our pretrained EBM can be directly employed to OOD tasks without further fine-tuning.
Specifically, given the final energy model in the pipeline, we evaluate both in-distribution and out-of-
distribution samples and compute the AUROC scores, with results reported in Table[3] Remarkably,
the model demonstrates strong performance across standard benchmarks, including CIFAR-10 inter-
polation, CelebA, and SVHN. To further highlight the differences between the energy distributions,
we compute and visualize Kolmogorov—Smirnov (KS) statistics and Cohen’s d scores, as shown in
Figure [ The trend aligns with AUROC results as well. Additional demonstrations with explicit
energy notations are provided in the appendix to facilitate more detailed comparisons.

5 CONCLUSION

We introduced VDRME, a scalable framework for
training multiscale energy-based models using vari-
ational diffusion recovery and entropy-regularized
generators. By amortizing Langevin MCMC with
conditional generators, VDRME enables efficient
one-step sampling per scale, significantly reducing
inference cost. Unlike diffusion GAN models, our
approach maintains a fully energy-based formula-
tion, while benefiting from the inductive bias of dif-
fusion models. The use of entropy regularization
enhances sample diversity and stability, addressing
common challenges such as mode collapse. Empir-
ical results demonstrate that VDRME achieves fast
image generation, while outperforming EBMs with
the same computational complexity and being com-
parable to state-of-the art generative models. It also
demonstrates its utility in downstream tasks includ-
ing out-of-distribution detection and density esti-
mation. These findings position VDRME as a prin-
cipled and efficient alternative to traditional EBMs
and diffusion-based generative models. Our work
aims to stimulate further research on developing EBMs as generative models. However, the preva-
lence of powerful generative models may give rise to negative social consequences, such as deep-
fakes, misinformation, privacy breaches, and erosion of public trust, highlighting the need for effec-
tive preventive measure.

Figure 5: Class-conditional samples gener-
ated by VDRME on ImageNet-256p with 4
sampling steps. Each row corresponds to sam-
ples from the same class. The model achieves
an FID score of 4.62.
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A APPENDIX

A.1 LITERATURE REVIEW
A.2 EXTENDED DERIVATION

A.2.1 DERIVATION OF EQUATION]

6 = argngn (/pdata(x) log Pdata(x)dx + log Zy)

]E'I'“’Pdata [EG (.’/C)]
—argun (Evmpe, Ea(o)] = [ pola) logpa(o)is

EINPQ [Ee ('L)]

(20)

A.2.2 DERIVATION OF EQUATION][9]

Given a variational diffusion gy (x¢|z;+1,%), the equality holds when the variational distribution
equals the conditional energy distribution pg(x¢|2¢41,t). We can estimate the normalization term
by:
exp(—E&p(z;|Tit1,t)
(il Tit, 1)
exp(—E&y(zi|it1, i)
o (Tt|wiv1,ti)

log Zy(t;) = log /q¢(xi|:ci+1,t) dxy,

2 _Emti ~qp(Tita,t) [59 (xl |xi+1’ tl)} - qu'\*%(%ﬂ i) [IOg ) ($1|m1+1)]
The last expression is a lower bound for log Zy(¢;) for all ¢4, which implies that

log Zy(t;) > max ( —Eu, mgy @it €0(@ilTitr )] + =By (21406 [l0g g6 (4)] )

Hlgqg(xit1,t:)]

A.2.3 DERIVATION OF EQUATION[I3]

To reverse the diffusion path, we parametrize G with current noisy sample .y, the auxiliary
variable z;, and the time-scale ¢,

Tiy1 — /1 — oy, , €p(Tiv1, 2t -
xy, = v%( s ks o(@ir, 2 7)>+\/1—ati €o(Tit1, ziti)  (22)

o

_ T—a,

_ Tkl (m— Q) €g(Tit1, 2i, ti) *)
NG Vo,

Go(me;q,25.t;)

1 o =
= \/ﬁ <$t+1 =/ Brip€o(Tit1, Ziati)> +\/ Bt €¢(Tig1, 2in ti) 24
— A,

G¢(wti+1’zi’ti)

Unlike DDPM, which relies on stochastic Gaussian sampling at every step, or DDIM, which en-
forces a deterministic trajectory through reparameterization, our formulation integrates the predictor
€4 directly into a parametric generator function and injects randomness into the generator.
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A.3 TRAINING DETAILS

A.3.1 NETWORK ARCHITECTURES

To accelerate training, we initialize our framework with a widely adopted pretrained backbone with
zero initialization of the last layer of the energy model. As noted in prior work (Grathwohl et al.,
2019a), the generator can be viewed as a classifier in its functional form, and the feature represen-
tations often share similarities. Motivated by this, we adopt the same core architecture for both the
generator and the energy model. Following the design used in entropy-based estimators (Kumar
et al., 2019), we extend the energy model by adding an auxiliary classifier on top of the backbone.
Consequently, the generator, the energy model, and the entropy estimator all share the same main
architecture in our implementation.

To incorporate noise input, we introduce an additional ResNet block equipped with both time and
class embeddings (if applicable), consistent with the backbone design. This block is first pretrained
to disregard noise perturbations before being connected to the main network, which substantially
stabilizes training. For the energy model and entropy estimator, we append lightweight linear layers
that project the backbone output to a scalar, representing the energy value. On top of this, we further
add a classifier to distinguish between true and fake pairs with respect to the noise input variable z;.

For CIFAR-10, we adopt a pretrained U-Net backbone originally trained with DDPM (Ho et al.,
2020a). For ImageNet-256, we use the DiT-XL/2 architecture as the backbone. In the case of
low-dimensional data, such as the checkerboard experiment, we follow the architecture described in
(Zhu et al., [2023)), with the modification that noise is pre-conditioned into the generator.

A.3.2 HYPERPARAMETER RECOMMENDATIONS

Table 4: Hyperparameters used in our experiments.

| Type | Hyperparameter | Value |
(B1, B2) (energy) (0, 0.999)
(81, B2) (generator) (0.3, 0.999)
(81, B2) (entropy) (0.3, 0.999)
Optimization | learning rate (energy) 4-107°
learning rate (generator) 1075

Weights w, (energy weight)

w, (diffusion recovery weight)

2
learning rate (entropy) 1-107°
eps 1-10712
Ae (entropy regularization weight) | 1
Ag (gradient norm penalty) 0.01

1

1

After extensive experimentation, we recommend the above set of hyperparameters as the most suit-
able configuration for our method. A lower value of 8; combined with a relatively higher learning
rate allows the energy model to react more rapidly to the updates of the generator, thereby stabilizing
the training dynamics. The weighting coefficients are aligned with the formulation presented in the
main paper and have been empirically validated to yield the best overall performance.
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Table 5: Comparison of FID scores with public models on CIFAR-10.

Models Steps FID | Models FID |
Explicit EBM based method Other likelihood based method

NT-EBM (Nijkamp et al., 2020, - 7812 78.41
LP-EBM (Pang et al.| 2020, 40 70.15 65.93
Adaptive CE (Xiao & Han[[2022 40 65.01 g 49.46
JEM (Grathwohl et al. - 3840 Residual Flow (Chen et al.,[2019 47.37
EBM- u ordatc 19 - 3820 Glow (Kingma ariwal 45.99
EBM-FCE (Gao et al. - 3730 DC-V, armar et al.|[202 17.90
CoopVAEB 1e et al. 1 15 36.20

Divergence Triangle (Han et al. - 3010 GAN based method

VARA (Grathwohl et al. - 2750 WGAN-GP (Gulrajani et al 36.40
EBM-CD (Du ct al. 40 25.10 SN-GAN (Miyato et all2018 21.70
GEBM (Arbel et al. - 1931 BigGAN (Brock et al }[2018) 14.80
HAT-EBM (Hill et al| 2022 50 19.30 StyleGA Augment (Zhao et al 5.79
CF-EBM (Zhao et al] 60 16.71 Diffusion-GAN (Xiao et al| 2021) 375
CoopFlow (Xie et al. 30 15.80 StyleGAN2-ADA (Karras et al. 2.92
CLEL-base (Lee et al. 600

VAEBM (Xiao et al. 16

CDRL (Guo et al., 18

DRL (Gao et al. C. 180

CLEL-large (Lee et al.;[2023 1200

CDRL (Guo et al. 90

Distilled-EnergyDittusion (Thornton et al.l 2025) 35

VDRME (Ours) 4

VDRME (Ours) 6

VDRME (Ours) 8

Figure 6: Unconditional generation on CIFAR-10 with 4 steps sampling, FID = 7.83.

A.4 MORE EXPERIMENTS DETAILS

Despite the remaining performance gap between EBMs and the most recent advances in few-step
generation, the energy model provides a versatile framework for building multi-task model zoos.
Beyond its primary role in guided and unguided image generation, EBMs can be naturally extended
to a variety of tasks, including inverse problems, density estimation, and out-of-distribution detec-
tion. For illustration, we demonstrate applications of VDRME to both conditional and unconditional
image generation, density estimation, and OOD detection.

A.4.1 IMAGE GENERATION

For the case of unconditional generation, we compare more results shown in Table[5] VDRME has
fewer sampling steps. Meanwhile, we take a 4-step conditional generation on ImageNet-256p.
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Figure 8: Unconditional generation on CIFAR-10 with 8 steps sampling, FID = 6.90.

A.4.2 OUT-OF-DISTRIBUTION DETECTION

We analyze the energy of out-of-distribution samples alongside the corresponding generated images.
The energy scores are evaluated using only the final-stage energy model.
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Figure 9: Conditional generation (single class) on ImageNet-256p with 4 steps sampling, FID =
4.62.
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Figure 10: Conditional generation on ImageNet-256p with 4 steps sampling, FID = 4.62.Each row
corresponds to samples from a specific class
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Figure 11: Energy of the CIFAR-10 interpola-
tion, AUROC = 0.72.
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Figure 12: Energy of the
=0.54.
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Figure 14: Energy of the SVHN, AUROC
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