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ABSTRACT

Score-based generative models have emerged as the state-
of-the-art in generative modeling. In this paper, we intro-
duce a novel sampling scheme that can be combined with
pre-trained score-based diffusion models to speed up sam-
pling by a factor of two to five in terms of the number of
function evaluations (NFEs) with a superior Fréchet Incep-
tion distance (FID), compared to Annealed Langevin dynam-
ics in noise-conditional score network (NCSN) and improved
noise-conditional score network (NCSN++). The proposed
sampling algorithm is inspired by momentum-based acceler-
ated gradient descent used in convex optimization techniques.
We validate the sampling efficiency of the proposed algorithm
in terms of FID on CIFAR-10 and CelebA datasets.

Index Terms— Score-based models, generative AI, deep
generative models, diffusion models, momentum.

1. INTRODUCTION

Recently, there has been a surge of interest in generative mod-
els within the field of deep learning and artificial intelligence.
Generative models are trained to output samples from an un-
known, underlying distribution of a dataset, given access to a
finite number of samples. Generative models have demon-
strated remarkable capabilities in a variety of applications,
such as image synthesis, text generation, audio synthesis, mu-
sic synthesis, image reconstruction and data augmentation.

Song and Ermon [1] introduced score-based generative
models, wherein the goal is to learn the gradient of the score,
which is the log-probability density function (p.d.f.) of the
data. Since one does not have access to the p.d.f. in closed-
form, the score is typically approximated using deep neural
networks. Score-based models have achieved state-of-the-art
performance on tasks such as image generation [1–6], au-
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dio synthesis [7–9], music generation [10] and image restora-
tion [11–13] among others. In score-based models, unlike
variational autoencoders (VAEs) [14] and generative adver-
sarial networks (GANs) [15], the sampling process is iterative
and is implemented using Langevin dynamics [16]. While
these models achieve state-of-the-art Fréchet Inception dis-
tance (FID) [17], a major shortcoming is the relatively longer
sampling time.

1.1. Related Work

Song et al. [2] improved training and sampling by tuning the
noise-scales and improved sampling stability via an exponen-
tial moving-average for the weights. Song et al. [3] proposed
a unified framework for analyzing diffusion models and
score-based models using stochastic differential equations
(SDEs). Jolicoeur-Martineau et al. [18] proposed an adaptive
stochastic differential equation (SDE) solver as a fast sampler
without any drop in the quality of generated images. Their
approach reduces computational requirement by a factor of
2× to 5×. For a fixed number of function evaluations (NFEs),
their sampler results in a lower FID for the generated images.
Ma et al. [19] proposed a matrix preconditioning method to
accelerate sampling motivated by the intuition to make the
rate of curvature similar along all the directions. They employ
the Metropolis adjusted Langevin sampling algorithm [20]
and achieve a 29× speedup in sampling for high-resolution
images. Denoising diffusion implicit models (DDIMs) [21]
proposed a generalization involving non-Markovian diffusion
processes, achieving a 10× to 50× speedup over Denoising
Diffusion Probabilistic Models [4]. Consistency models [22]
are a novel class of generative models that support fast one-
step and multi-step sampling for generation of high quality
samples, and are typically trained by distilling pre-trained
diffusion models. They outperform existing non-adversarial
generative models on CIFAR-10 [23], ImageNet [24] and
LSUN [25] datasets. Karras et al. [26] proposed a unified
framework for implementing all score-based generative mod-
els by focusing on the design space of generative models.
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Fig. 1: (Colour online ) A comparison of FID versus
the number of function evaluations (NFEs) for the proposed
MILD vis-à-vis the baseline ALD samplers, for varying num-
ber of sampling steps T . MILD sampler with T = 1 reduces
the NFEs required to achieve a given FID by 2× to 5×.

This allows for a separation of training and sampling tech-
niques to optimize score-based generative models. Recent
works that tackle the problem of optimizing the sampler for
diffusion models [21, 27–31] are motivated by the theory of
numerical methods applied to stochastic differential equations
(SDEs).

1.2. Our Contributions

In this paper, we focus on score-based generative mod-
els, such as NCSN [1] and NCSN++ [2]. We propose a
modified sampling algorithm, entitled momentum-imbued
Langevin dynamics (MILD), to generate samples from pre-
trained score-based generative models such as NCSN [1]
and NCSN++ [2]. It can be interpreted as a modification to
the unadjusted Langevin algorithm (ULA) [32] for sampling
from high-dimensional image distributions with the addition
of a momentum update to accelerate sampling when used
with the pre-trained NCSN and NCSN++ models. Exper-
imental results show that MILD accelerates sampling for
pre-trained score-based generative models by a factor of two
to five. Figure 1 gives a flavor of the speed-up obtained using
the proposed MILD accelerator. More details will be pre-
sented in Sections 2 and 3. MILD is lightweight and can be
integrated with existing/pre-trained score-based generative
models to speed up sampling with improvement in the quality
of generated images compared with the baseline ALD. We
consider both NCSN and NCSN++ models and present exper-
imental results on CIFAR-10, CelebA, and LSUN-Bedroom
datasets. The closest approach to ours is that of Dockhorn et
al. [33], who proposed a critically-damped Langevin dynam-
ics (CLD) algorithm, wherein the training and sampling is
carried out in a joint extended space involving both position

and velocity coordinates. While CLD is efficient in terms of
sampling speed and generated sample quality, the approach
involves sampling using an SDE integrator and training in
a joint extended space. On the other hand, MILD does not
require a change in the training loss, and can be used as an
add-on to accelerate sampling for pre-trained score-based
generative models.

2. SCORE-BASED GENERATIVE MODELLING

Score-based generative models are starkly different from tra-
ditional approaches to generative modeling such as the well-
established GANs [15] and VAEs [14], where the generation
is guided by the minimization of the Jensen-Shannon diver-
gence and the maximization of the evidence lower bound
(ELBO), respectively. In contrast, score-based generative
models are trained to learn the gradient of the log of the
density function directly. This is achieved by minimizing
the Fisher divergence DF(p∥q) between the unknown density
p(x) and the learnt density q(x) [34], defined as follows:

DF(p∥q) =
∫

p(x)

∥∥∥∥∇x ln
p(x)

q(x)

∥∥∥∥2 dx. (1)

Instead of modelling the density function directly, we model
the score function of the density q(x), which is defined as
sθ(x) ≜ ∇x ln q(x). Directly minimizing the divergence
in (1) is not possible since one does not have access to the
ground-truth score ∇x ln p(x). This can be circumvented
by using an equivalent loss, namely, denoising score match-
ing [35, 36] or sliced score matching [37]. In denoising score
matching (DSM), the original dataset is perturbed by noise
of various scales and the score-based model is trained to
learn the score of the noise-perturbed data distribution for
each noise scale. The noise is typically isotropic Gaussian,
and there are L levels of noise with decreasing standard
deviations σ1 > σ2 > . . . > σL. The noise perturbed dis-
tribution corresponding to the ith noise level is given by the
convolution pσi

(x) =
∫
p(y)N (x;y, σ2

i I)dy, where p(y)
denotes the underlying true, but unknown, distribution, and
N (x;y, σ2

i I) is a Gaussian with mean y and standard devia-
tion σi in all directions. In NCSN, the score network sθ(x, i)
is trained to estimate the score of the noise-perturbed distri-
bution ∇x ln pσi

(x) for each i ∈ {1, . . . , L}. In this setting,
with λ(i) ≜ σ2

i , the loss function becomes a weighted sum of
Fisher divergences for all noise-scales given by

L(θ) =
L∑

i=1

λ(i)Epσi
(x)

[
∥sθ(x, i)−∇x ln pσi

(x)∥22
]
.

Once the model is trained, new samples are generated from
the model using a modified version of the unadjusted Langevin
algorithm [32], referred to as the annealed Langevin dynam-
ics (ALD), since the noise-scale σi anneals gradually as i
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Fig. 2: (Colour online ) Schematic of the proposed accelerated Momentum-Imbued Langevin Dynamics (MILD) sampler.

decreases. In NCSN++ [2], practical recommendations are
given to improve the quality of the generated images by intro-
ducing modifications to the noise-scales, model architectures
and employing an exponential moving-average of the neural
network parameters.

2.1. Connection between Optimization and Sampling

Consider the minimization of a differentiable function f using
the gradient-descent update:

xt+1 = xt − αt∇xf(xt). (2)

Assuming an energy-based model, i.e., p(x) = exp(−f(x))/Z,
the Langevin Monte Carlo (LMC) sampling step is given by

xt+1 = xt + αt∇x ln p(xt)︸ ︷︷ ︸
=−∇xf(xt)

+
√
2αt zt (3)

Comparing Eqs. 2 and 3, we observe that LMC sampling can
be interpreted as a noisy gradient-ascent on the log-likelihood
with progressively smaller noise as the iterations progress.
Leveraging this link between sampling and optimization, we
posit that acceleration schemes used in the optimization lit-
erature can be used to advantage in sampling as well. In
Fig. 3, the parallels between optimization and sampling are
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Fig. 3: (Colour online ) Comparison between minimization
of a convex function f using the gradient descent algorithm
and sampling from a log-concave p.d.f. p using Langevin
Monte Carlo algorithm.

Algorithm 1: Faster generative sampling with
momentum-imbued Langevin dynamics (MILD).

Input: {σi}Li=1, ε, T, γ, score-network sθ
1 Initialize: x0 ∼ N (0, I), v0 = 0
2 for i = 1 to L do

3 αi =
ε · σ2

i

σ2
L

4 for t = 0 to T − 1 do
5 Draw zt ∼ N (0, I)
6 vt+1 = γvt + αisθ(xt + γvt, σi)
7 xt+1 = xt + vt+1 +

√
2αizt

8 x0 ← xT

9 v0 ← vT

10 if denoise xT then
11 return xT + σ2

T sθ(xT , σT )

12 else
13 return xT

shown through an illustration for a quadratic function f and
a log-concave density p. Our acceleration scheme for sam-
pling is inspired by Nesterov’s momentum [38]. For convex,
β-smooth functions, Nesterov’s technique [38] accelerates the
convergence rate of standard gradient-descent optimization of
convex costs from linear to quadratic. The accelerated sam-
pling updates are given by

vt+1 = γvt − α∇xf(xt + γvt), (4)

xt+1 = xt + vt+1 +
√
2αzt, (5)

where zt ∼ N (0, I). We observed through experimentation
that keeping the value of the parameter γ small and constant
across iterations yielded better FID. More details will be pre-
sented in a journal version. Intuitively, momentum provides
an advantage over traditional gradient-descent by introducing
a moving-average of the past gradients, accelerating and sta-
bilizing the optimization. The resulting momentum-imbued
Langevin dynamics algorithm is named MILD (cf. Fig. 2 for
a schematic, and Algorithm 1 for the listing).
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CIFAR10 CELEBA LSUN BEDROOMS

Fig. 4: (Colour online ) Samples generated by NCSN++ [2] with MILD acceleration.

Table 1: FID values for samples generated using an-
nealed Langevin dynamics (ALD) and momentum-imbued
Langevin dynamics (MILD) for the pre-trained NCSN [1] and
NCSN++ [2] models. L denotes the number of noise levels,
and T denotes the number of sampling steps at each noise-
scale. L× T is the total number of sampling steps.

NCSN Dataset L T FID
ALD CIFAR-10 10 100 25.32

(32× 32)
10 100 46.98
10 50 28.23

MILD CIFAR-10 10 40 29.78
(Ours) (32× 32) 10 30 40.35

10 20 41.18
ALD CelebA 10 100 75.78

(32× 32)
10 100 81.85
10 50 70.97

MILD CelebA 10 40 70.48
(Ours) (32× 32) 10 30 71.14

10 20 73.25
NCSN++ Dataset L T FID

ALD CIFAR-10 232 5 12.9
(32× 32)

232 5 12.97
232 4 12.43

MILD CIFAR-10 232 3 12.55
(Ours) (32× 32) 232 2 13.58

232 1 15.5
ALD CelebA 500 5 11.1

(64× 64)
500 5 10.93
500 4 9.91

MILD CelebA 500 3 9.37
(Ours) (64× 64) 500 2 8.59

500 1 8.98

3. EXPERIMENTAL RESULTS

MILD can be used with any pre-trained score network. To
evaluate the sampling efficiency of MILD, we conducted
a comprehensive set of experiments aimed at assessing the
speedup obtained with MILD sampling algorithm for two
prominent score-based generative models, namely, NCSN
and NCSN++, which employ annealed Langevin dynamics
(ALD) [1, 2] for sampling. Consistent with the baseline ap-
proaches [1, 2], we report FID on CIFAR-10 and CelebA
datasets. L is the number of noise levels used during sam-
pling and T is the number of ALD updates done. We ablate on
T with MILD and calculate the Fréchet Inception Distance
(FID) [17] and the number of function evaluations (NFEs)
L×T . Table 1 reports the FID achieved while sampling with
ALD and MILD. Figure 1 shows the FID as a function of the
NFEs. The results show that MILD achieves FIDs compara-
ble to lower than the baseline ALD algorithm, in two-to-five
fold fewer function evaluations. Fig. 4 shows the images gen-
erated using the NCSN++ model with MILD acceleration on
CIFAR-10 (32×32), CelebA (64×64), and LSUN-bedrooms
(128× 128) datasets 1.

4. CONCLUSIONS

Incorporating momentum clearly accelerates the sampling
speed as well as improves the quality of the generated sam-
ples (as measured by FID). MILD achieves lower FID than
ALD, which is the sampler used in NCSN and NCSN++
across CIFAR-10 and CelebA datasets with fewer sampling
steps. For high-resolution images, MILD generates con-
sistently higher quality samples than ALD, which is also
consistent with that of Jolicoeur-Martineau et al. [18]. Ob-
taining theoretical guarantees on the rate of convergence and
exploring alternative acceleration schemes for faster sampling
are potential directions for future research in this area.

1Source code to implement MILD is accessible at https://github.
com/mani-312/mild
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