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ABSTRACT

Diffusion Probabilistic Models (DPMs) are generative models showing competitive
performance in various domains, including image synthesis and 3D point cloud
generation. Sampling from pre-trained DPMs involves multiple neural function
evaluations (NFEs) to transform Gaussian noise samples into images, resulting
in higher computational costs compared to single-step generative models such
as GANs or VAEs. Therefore, reducing the number of NFEs while preserving
generation quality is crucial. To address this, we propose LD3, a lightweight
framework designed to learn the optimal time discretization for sampling. LD3 can
be combined with various samplers and consistently improves generation quality
without having to retrain resource-intensive neural networks. We demonstrate
analytically and empirically that LD3 improves sampling efficiency with much
less computational overhead. We evaluate our method with extensive experiments
on 7 pre-trained models, covering unconditional and conditional sampling in both
pixel-space and latent-space DPMs. We achieve FIDs of 2.38 (10 NFE), and 2.27
(10 NFE) on unconditional CIFAR10 and AFHQV2 in 5-10 minutes of training.
LD3 offers an efficient approach to sampling from pre-trained diffusion models.
Code is available at https://github.com/vinhsuhi/LLD3.

1 INTRODUCTION

Diffusion Probabilistic Models (DPMs) have emerged as a popular class of generative models,
demonstrating competitive performance across various tasks, including image synthesis (Ho et al.,
2020; Song et al., 2020b; Dhariwal & Nichol, 2021), text-to-image generation (Nichol et al., 2021;
Rombach et al., 2022; Gu et al., 2022), 3D point cloud generation (Luo & Hu, 2021), and molecular
generation (Hoogeboom et al., 2022). DPMs learn a multi-step transformation from random (e.g.,
multivariate Gaussian) noise to the data distribution. While they achieve improved sample quality and
diversity compared to single-step generative models like GANs (Goodfellow et al., 2014) or VAEs
(Kingma et al., 2021), their multi-step nature incurs significant computational overhead.

Distillation-based methods are one category of approaches for accelerating DPMs (Meng et al., 2023;
Liu et al., 2022b; Salimans & Ho, 2022; Song et al., 2023). These methods refine the denoising
network to improve generation quality while reducing the number of sampling steps. Although
these approaches can significantly enhance quality, they require costly re-training or fine-tuning of
the entire network. Moreover, distillation-based methods often face challenges such as information
loss (Zheng et al., 2024) and difficulties with conditional sampling (Meng et al., 2023).

The second set of approaches capitalizes on the ability to sample from DPMs by solving a corre-
sponding diffusion Ordinary Differential Equation (ODE) (Song et al., 2020a; Lu et al., 2022a; Zhang
& Chen, 2022; Liu et al., 2022a; Song et al., 2020a; Lu et al., 2022b; Zhao et al., 2023; Zheng et al.,
2024). These methods use more sophisticated numerical solvers for diffusion ODEs and require no
neural network retraining. Solving diffusion ODEs involves a mandatory step of selecting discretiza-
tion time steps, and the choice of discretization points greatly influences sample quality. However,
there does not exist a time discretization strategy that works well for all dataset-model-ODE solver
combinations. Here, we propose an effective yet lightweight approach to learn good discretization
time steps for any pre-trained DPM.
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Assuming the ODE solving pipeline is differentiable, which holds for most ODE solvers currently
in use, our idea is to directly minimize the global truncation error to optimize the time steps, which
are input to the solver and hence can be treated as trainable parameters. Specifically, we employ a
teacher ODE solver that takes small step sizes to approximate the gold standard solution of the ODE.
The student with learnable discretized time steps is then tasked to mimic the teacher’s final output
given the same input (i.e., the initial condition of the ODE).

One problem with this learning framework is the limited capacity of the student model, which can
only optimize a few parameters to mimic a stronger teacher, sometimes leading to “underfitting” and
suboptimal performance. To address this, we propose a surrogate objective that is easier for the
student to optimize. We validate this objective by theoretically proving its “closeness” to the original
distillation objective, upper bounding the KL divergence between the distributions induced by the
teacher and the student solvers. The resulting algorithm, termed Learning to Discretize Denoising
Diffusion ODEs (LD3), efficiently learns the time discretization by backpropagating through the
ODE-solving procedure using the proposed surrogate loss. LD3 can be viewed as an additional step
to further improve the sample quality of DPMs after making other design choices such as distilling
the denoising model and choosing an ODE solver. Additionally, LD3 is efficient and only requires a
small set of random samples from a tractable noise distribution. Table 1 summarizes the benefits that
LD3 brings compared to related approaches.

Empirically, we test LD3 on both pixel space (Karras et al., 2022) and latent space DPMs (Rombach
et al., 2022) across various resolutions, including 32 32 (e.g., CIFAR10 (Krizhevsky & Hinton,
2009)), 256 256 (e.g., LSUN-Bedroom (Yu et al., 2015), ImageNet (Russakovsky et al., 2015)), and
512 512 text-to-image generation (Rombach et al., 2022; Liu et al., 2023) as well as various types
of conditions (e.g., class, text prompt) (Rombach et al., 2022). LD3 performs significantly better than
existing time discretization heuristics, especially with small NFE (below 10). Additionally, LD3 can
be trained in 5 to 40 minutes on a single GPU.

2 RELATED WORK

Table 1: Comparison of LD3 with existing methods, including Watson et al. (2022), AYS (Sabour
et al., 2024), GITS (Chen et al., 2024), and DMN (Xue et al., 2024), based on several criteria. The
first criterion is training speed: methods that optimize time discretizations in less than one hour are
classified as "Fast", while others are considered "Slow". Training stability is true for methods not
requiring variance reduction techniques or early stopping to exhibit stable training. A method is,
respectively, solver-adaptable and network-adaptable if it considers information about the solver and
trained neural networks when optimizing the time steps. Finally, we examine whether a model can
directly optimize the global truncation error.

Criterion Watson et al. (2022) AYS GITS DMN LD3 (ours)
Training speed Slow Slow  Fast Fast Fast
Training stability X X v v v
Solver adaptability v v X X v
Network adaptability v v 4 X v
Global error optimization X X X X v

A well-established approach to accelerating DPMs involves distilling high-quality denoising networks,
which typically require many function evaluations, into models that perform the task in fewer steps
with minimal performance loss (Meng et al., 2023; Salimans & Ho, 2022; Fan & Lee, 2023). However,
this method requires expensive training (Liu et al., 2022b; Luhman & Luhman, 2021; Meng et al.,
2023; Song et al., 2023) before the models can be used for sampling. In comparison, distillation-based
methods are significantly slower than our approach—by several orders of magnitude—and lack the
flexibility to be used in a plug-and-play manner.

In addition to fine-tuning the denoising network, many methods focus on developing more effective
ODE solvers (Lu et al., 2022a; Zhang & Chen, 2022; Liu et al., 2022a; Song et al., 2020a; Lu et al.,
2022b; Zhao et al., 2023). The key insight is that truncation errors accumulating during the backward
sampling process can significantly degrade the quality of generated images, especially when NFE is
reduced. To mitigate this, advanced ODE solvers are required. However, since these solvers still rely
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on multi-step sampling, selecting an appropriate strategy is crucial. Current approaches often rely on
handcrafted schedules, which may not be optimal.

Recent work has focused on optimizing time schedules. Xue et al. (2024) formulate an optimization
problem aimed at identifying the optimal time discretization. They derive an upper bound for the
global truncation error under the assumption that the score prediction error of the pretrained model is
uniformly bounded by a small constant. However, this assumption is quite strong, as it leads to an
optimization problem that depends solely on the noise schedule parameters, ignoring the in uence
of both the solver and the neural network. While this allows for a fast solution, typically found in a
matter of seconds, it overlooks critical information about the pretrained model (trained dataset) and
solver design. Furthermore, minimizing the upper bound does not necessarily equate to minimizing
the actual global error.

Recent work by Sabour et al. (2024) empirically observe this problem when they derive a bound to the
divergence between the analytical ODE solution distribution and the numerical solution distribution.
Their objective is challenging to optimize that they need to simulate many sampling trajectories
and use a large batch size when performing optimization to reduce the variance and early stopping
to prevent divergence. Consequently, their proposed approach is slow and hard to use. Instead
of optimizing the global truncation error, Chen et al. (2024) optimizes the local truncation errors.
However, their method ignores the information about the solver being used to solve the ODE and
it is not guarantee to optimize the global truncation error. Watson et al. (2022; 2021) propose
the Differentiable Diffusion Sampler Search (DDSS) method, which aims to improve the Kernel
Inception Score by optimizing time discretization. By leveraging Kernel Inception Score (KID) to
guide the optimization process, DDSS aims to enhance the quality of generated samples. However,
their method requires a large amount of training samples and needs over 50k iterations with batch
size 512 to converge. We summarize some key differences between LD3 and similar approaches
in Table 1.

3 BACKGROUND

Diffusion Probabilistic Models (DPMs) (Ho et al., 2020; Song et al., 2020b) involve a forward
diffusion process that gradually converts samples following a data distribution into samples from
a pre-speci ed noise distribution. Speci cally, given a sampgefrom the data distribution, the
forward process gradually perturbs it by adding Gaussian noise, which is chosen such that the
distribution at time stefT is a Gaussian distributiorxt N (0; 21). For anyt 2 [0;T], the
Gaussian transition kernel is de ned as

A(xeixo) = N (xo; {1); 1)

where ; and ; are two noise schedule hyperparameters designed so that the signal-to-noise ratio
(SNR) 2= 2 s strictly decreasing when increasingrhis ensures that more information abayt
is discarded asincreases.

To learn the data distributiog(xo), DPMs are tasked to recover information discarded by the
forward process. This results in a so-called backward process that starts from the noise distribution
Xt d(x7) and moves backward through time to reconstwyct Speci cally, a neural network

(xt;1) is trained to predict the noise added by the forward pass givamdt by minimizing

Exo; ¢ ! (DK (Xiit) K5 ; ¥

wherex; ;= (Xo+ ¢ with N (0;1) is the noisy sample at tintet U [0; T]is the time step,
and! (t) 2 R* is a time-dependent weight for time step (x¢;t) is a learnable deterministic
function parameterized by that predicts the noise addedxo

One way to sample from a trained DPM is to rst draw randomly and then use it as the initial
condition to solve the followingiffusion ODE whose solution is proven to match the data distribution
a(xo) if  (x¢;t) is optimal (Song et al., 2020b; Lu et al., 2022a; Zhang & Chen, 2022; Liu et al.,
2022a; Song et al., 2020a; Lu et al., 2022b; Zhao et al., 2023; Zheng et al., 2024):

@&t _ oA(t @g (. 5. _ @F 2.
@—f(t)xt+ 2, at ’g(t)_@ 2f (t) ¢ 3)

(X¢;t); wheref (t)=
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Figure 1:Motivation and elaboration of LD3. (a) Directly optimizing the global truncation error
lossL harg by minimizing the teacher and student outputs improves sample quality. (b) The surrogate
objectivel o1 that allows discrepancies in the initial condition (i>ey,) between the teacher solver

and the student solver is easier to optimize. (c) By optimizing the surrogate objective, LD3 learns
better discretization strategies.

4 LEARNING TO DISCRETIZEDENOISING DIFFUSION ODES

Our main goal is to reduce the computational burden of DPMs while maintaining their generation
quality. In particular, we focus on the small number of neural function evaluation (NFE) regimes
with at most10 evaluations of the denoising network to generate a sample.

The ODE view of DPMs allows us to treat the problem of DPM sampling as solving a class of ODEs,
where choosing discretization points is critical. Although one may hope that a universal discretization
strategy exists for various DPMs, we nd that both the structure of the DPM and the training data
in uence the optimal time discretization, with no single strategy working well for all cases. Instead,

we propose a general yet ef cient algorithm to learn discretization strategies for DPMs.

In the following, we rst approach this problem under the framework of global truncation error
optimization (Sec. 4.1). We then elaborate on a potential under tting problem of this optimization
problem and propose a surrogate objective to improve sampling performance (Sec. 4.2). Finally, we
provide details of the algorithm and the training process (Sec. 4.3).

4.1 LEARNING TO DISCRETIZE BY OPTIMIZING THE GLOBAL TRUNCATION ERROR

Given a pre-trained denoising network( ; ) and an initial statact N (0; 21) at time stegl , we
solve the diffusion ODE stated in Equation (3), typically by applying a numerical method such as
Euler or Heun's method. This process is carried out over a sequence of decreasing tinig ghps
whereT = tg >t > >ty =0. At each time step, the state is updated according to the ODE
dynamics, guided by the denoising network. The nal solution, computed attfime0 is denoted
as ( xt:;ftighy; ). Recall that our goal is to learn the set of time stefpglL, . To ensure these
time steps remain monotonic (i.e., non-increasing), we encode the time steps by a monotonic function
parameterized by such that foreach2 N;O i N, we have (i) = t;.! For simplicity in
notation, we now expresé xt;f (i)gL,; )as (xr). Additionally, we denote the distribution
induced by the transformed state (x1) asp (Xg), which is obtained by rst samplingt and then
passing it through the network ().

Dene (xr; ) as a teacher ODE solver that accurately solves the diffusion ODE and the
distribution induced by asq(xp). We aim to minimize the KL divergence between the teacher
distributionq(x o) and the student distributigm (x):

q(Xo)
p (Xo)

min Dk (q(Xo) kP (X0)) = min Ex, o) log (4)

To minimize the objective mentioned above, we focus on reducing the global truncation error, which
entails training the student ODE solver to closely mimic the behavior of the teacher ODE solver
. We refer to this abard teacher forcing. Formally, this gives rise to the following optimization

More details about will be discussed in Section 4.3.
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problem we propose:
MiNLhag ( ) :=Min Ex, n (0; 2p[d( (X1); (X7))] ; ®)

whered( ; ) is a differentiable function that satis €;y : d(x;y) Oandd(x;y) =0 ifand only
if x = y. Some examples are squatediistanced(x;y) = kx yk3 and Learned Perceptual Image
Patch Similarity (LPIPS) (Zhang et al., 2018).

For any valid loss in the form of Equation (5), its global optimal solutions are also global optimal
solutions to Equation (4). Our proposed objective improves upon previous works by directly opti-
mizing the global truncation error and, consequently, the Kullback-Leibler (KL) divergence between
the student and teacher distributions. Unlike existing approaches that focus on minimizing local
truncation error (Chen et al., 2024) or optimizing an derived upper bound (Sabour et al., 2024;
Xue et al., 2024), our method addresses the fundamental error more effectively. Additionally, our
approach leverages information from both the student solver and the trained neural network, which are
often overlooked in similar studies (Chen et al., 2024; Xue et al., 2024). This holistic consideration
enhances the accuracy and performance of our solution.

4.2 OPTIMIZING DISCRETIZATION POINTS BY SOFT TEACHER FORCING

Despite having the same global optimum as the KL divergence between the teacher-induced and the
student-induced distribution, directly optimizihg,q ( ) could lead to under tting — to minimize

the objective, we need to ensure(xt) =  (x71) for anyxt, which is hard as we are only allowed

to optimize , which typically contains no more th&® parameters for student ODE solvers with low

NFE. This issue is illustrated by the 1D ODE shown in Figure 1(a), where the green curves are the
ground truth integral curves, and the red trajectories are from the teacher. The teacher matches the
ground truth closely, as it can take ne-grained steps to solve the ODE. However, given the restriction
that the student solver can only evaluate the ODE at three time steps before generating the output, an
inevitable truncation error exists between the teacher and the student.

One way around this problem is to optimize the parameters of the student denoising network
in addition to . However, this will signi cantly increase the sample complexity and the training
time, limiting the method's ef ciency and portability. Instead, we propose to relax the “hard” teacher
forcing criterion. Speci cally, for ankt and the corresponding output of the teachgr= (X71),

we only require the existence of an inp§t that is “close” tox, such that the student's output given
x9 (i.e., (x2)) matchesco. We de neB(x;r 1):= fx% kx x%, r tgasthe L2 ball of
radiusr T aroundx. Take the 1D ODE in Figure 1(a) as an example. Although it may be impossible
to force the student solvers to map the same pojnto the teacher's output, we can instead nd a
nearby inpuk? that does map to the teacher's output(xt) (i.e., (x%)). The goal is that, by
nding suchx? points close tot, as illustrated in Figure 1(c), the student solver's distribution at
t = 0 will still closely match the teacher's distribution. Note th&! is only used during training to

nd the optimal discretization points. Formally, we relax the objective de ned in Equation (5) into
the following for anr > 0:

min Lsoft( ):: min ExT N (0; 21) min d( (Xg); (XT)) : (6)

x92B(xTir 1)

The effectiveness of this relaxed objective depends on two ques-
tions: (i) compared t& parg ( ), how much easier is it to optimize
Lsoit ( ) given the fact that we only have a handful of learnable
parameters (i.e.,); (ii) whether minimizingL so1t ( ) leads to stu-
dent distributions that have small KL divergence with the teacher
distribution (i.e., the ground-truth objective in Eq. (4)).

We start by showing positive evidence to the rst question — em-

pirically, a smallr suf ces to ensuré s ( ) being much smaller

than Lnag () after training. We experiment on a pre-trainetligure 2:Lsor ( ) drops signi -

DPM (Karras et al., 2022) on AFHQv2 (Choi et al., 2020). Weantly as we increase

optimize the discretization points (i.e) with respect td_go ( )

using differentr and plot the training loss. We use the LPIPS distance (Zhang et al., 2018) for
d( ; ). As shown in Figure 2, comparedtto= 0:0, whereL 5ot andL 41 are identical, the loss is
signi cantly reduced as we relax the optimization problem by increasing



Published as a conference paper at ICLR 2025

We now move on to the second question: if we can effectively minimigg( ), can we establish
some form of guarantee of the student in terms of its KL divergence with the teacher distribution?
We con rm this with the following theoretical result.

Theorem1.Let and be ateacher and student ODE solver each with noise distributign
N(0; 21)2 RY, and with, respectively, distributiompandp . Assume both and are
invertible. Letr > O, if the objective from Equatiof®6) has an optimal solution for r with
objective valu®, we have

2 —_—
D (@) kp () S+ TFTH B qliCC 60) CC ()l

whereC( (x))=log jdetd ( (x))j:

The proof is provided in Appendix A.1. Intuitively, the theorem states that, if we can nd an optimal
solution that minimized. o, then the KL divergence between the teacher (@&)) and the
student (i.e.p (X)) can be upper bounded. The rst two terms depend mainly and the square

root of the dimensionality: d+ 1. Sincer is chosen to be quite small (e.g., 0.19 for CIFARL10, 4
NFE), the rst two terms are effectively tight in practice. While it is hard to establish an analytic
bound for the third term, we conduct numerical evaluations to estimate its magnitude in practice and
observe that it reduces with See Appendix A.2 for more details.

4.3 PRACTICAL IMPLEMENTATION

Algorithm 1 LD3

Require: Student solver , teacher solver , andr

1:D f (x%:x1; (x1)jxr N (0; 2);x% = x7g . Generate dat®
2: while not convergedio

D (x§ixr; (x7)) D

3

4 L(; $x3)= LPIPY . <(x%); (x71)) subjecttoxd 2 B(xt;r 1)

5: Update , ¢, andx? using the corresponding gradiemts ( ; ©;x2)
0

6: x¥  xr+1l[kx} xrke>r] g . Projected SGD
T

7:  UpdateD with the newx?

8: end while

Now that we have justi ed the effectivenesslof; ( ), we are left with the question of how to
optimize it in practice. This is achieved by treating ( ) as jointly optimizing andx? with the
constraint that($ is within ther -ball of x+:

L(;x%):= Ex, n (o; 2ny[LPIPSC (x§);  (x7))]; subjecttax§ 2 B(xr;r 1) (7)

Note that we choosé := LPIPS(Zhang et al., 2018) as the distance metric in our setting. LPIPS is
also a common choice in many distillation-based models (Song et al., 2023; Salimans & Ho, 2022).
As illustrated in Figure 1(b), given an input-output p@ir;  (x7)) from the teacher, we forward
through the student ODE solver steps with learnable parametedx$ . Backpropagation is then
performed to get the gradients w.itPIPS  (x%);  (x1)). Finally, we use projected SGD to
enforce the constraint ot and use SGD to update Speci cally, letxt be the center of a-sphere

andx? a point. Then the projection of? , which is the intersection of the line betweep andx$

0

with the sphere's surface, can be computedgas= x1 + r kXXTT XXTTKZ .
Parameterization. Starting from a trainable vector2 RN *1 , we model (i) as a strictly mono-
tonically decreasing function using a cumulative softmax function, followed by renormalization to
the rangdtmin; T]:

) ©° X

(i) = —™(T  tmin)*+ tmin; where %) = softmax( )[n]:
max min n=i

Here,tmin is often utilized in training and sampling as a substitute0for the diffusion model to
mitigate numerical instability problems (Karras et al., 2022; Song et al., 2023).
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During training, DPMs denoise images from real data, while during inference, they use predictions
from previous steps, leading to discrepancies and errors (Ning et al., 2023; Li et al., 2023). As
suggested by (Li et al., 2023), we learn decoupled time dfegs input to the denoising model, while

t; determines the solver's step size. We parametéfias °(i) := (i) + {. For simplicity, we
stilluse  to refer to the student solver with decoupled time step variables.

Training. The nal LD3 algorithm is shown in Algorithm 1. In line 1, we rst generate training

samples by rst sampler N (0; 1) and then compute the corresponding teacher outputs
(x7). Initially, the same starting samples are used for both the student and the teacher (i.e.,

x93 = x7), resulting in a datas@ = f(x%;x1; (X1))g. In every iteration, we rst compute the

objective shown in Equation (7) (I|ne 4) and then apply gradient-based updatcasmttxO (line 5).

An additional projected SGD step is applied to bound the distance betwegfl andx (line 6).

The algorithm terminates after convergence.

Since computing  (x2) involves evoking the denoising network multiple times, naively storing

all intermediate outputs for ef cient backpropagation would lead to memory overhead that scales
linearly w.r.t. NFE. To reduce the memory overhead, we use the rematerialization technique proposed
in (Watson et al., 2022) to only cache the intermediateThis leads to an almost constant memory
overhead w.r.t. NFE. Please refer to Appendix D.3 for details.

5 EXPERIMENTS

Experiment setup. We evaluate 7 pre-trained diffusion models across different domains. For pixel
space models, we include CIFAR10 &32) (Krizhevsky & Hinton, 2009), FFHQ (6464) (Karras

etal., 2019), and AFHQV2 (6464) (Choi et al., 2020). For latent space models, we assess LSUN-
Bedroom (2568256) (Yu et al., 2015) and class-conditional ImageNet ¢Z55) (Russakovsky et al.,
2015) with a guidance scale of 2.0. Additionally, we consider text-to-image generation models,
including Stable Diffusion v1.5 (Rombach et al., 2022) at*83E2 pixels with a guidance scale of

7.5, and InstaFlow Liu et al. (2023).

We primarily assess LD3 using advanced diffusion ODE solvers, including DPM_solver++ (Lu et al.,
2022b), Uni_PC (Zhao et al., 2023), and iPNDM (Zhang & Chen, 2022). Additionally, we test LD3
with Euler, a standard black-box ODE solver. To evaluate the performance of our learned discretization
method, we compare it against 8 existing discretization methods. For commonly used discretization
choices, we includéme uniform(Lu et al., 2022b; Ho et al., 2020jme quadratic(Song et al.,
2020a) time EDM(Karras et al., 2022), artime logSNRuniform in ) (Zhang & Chen, 2022), with
details provided in Appendix D.2. For more recent advanced discretization methods, we compare
LD3 to DMN (Xue et al., 2024), GITS (Chen et al., 2024), AYS (Sabour et al., 2024), and Watson
et al. (2022). Since AYS (Sabour et al., 2024) and Watson et al. (2022) do not have published code,
we adhere to their settings and compare our results with their reported metrics in Appendix E.

For CIFAR10, FFHQ, and AFHQV2, we use 100 samples for both training and validation and train
LD3 for 7 epochs with a batch size of 2. We sqiroportional to the dimensionalityand inversely
proportional to the squared NFE= dE2 where = 0:001in all experiments. For Latent
Diffusion (Rombach et al., 2022) on ImageNet and LSUN-Bedroom, we use 100 samples for both
training and validation, Wlth the training conducted over 5 epochs. Unless stated otherwise, we
draw 50k samples for the evaluation using the FID score (Heusel et al., 2017) against a reference
data set, where lower scores indicate better quality. For text-to-image generation, we train Stable
Diffusion (Rombach et al., 2022) and InstaFlow Liu et al. (2023) by randomly selecting 5 prompts
from the MSCOCO dataset (Lin et al., 2015) and generate 10 training pairs for each prompt. We train
them for 5 epochs. Details of experiment settings can be found in Appendix D.

"A red apple on a white table." "A medieval knight standing in a castle courtyard."

Figure 3: Side-by-side comparison of selected images generated with Stable Diffusion [IPNDM].
Left: NFE=6, Right: NFE=5.



Published as a conference paper at ICLR 2025

Main results. LD3 consistently improves generation quality across all solvers (Table 2), particularly
in low NFE settings. For instance, on the AFHQV2 dataset with NFE=4, iPNDM [LD3] achieves an
FID score 0f9.96 outperforming other approaches, which achieve a best score of 12.89. At NFE=10,
LD3 delivers the best performance across all datasets, with FID scoe38in CIFAR10,2.27

on AFHQV2, and3.250n FFHQ. Additional results, including for the pixel space LSUN-Bedroom
(256x256) dataset and various NFE settings, are available in Appendix F.1 and Appendix F.4. Table 3
compares LD3's optimized time steps with common time discretization methods, demonstrating a
clear advantage of the optimized steps over standard choices.

Table 2: FID comparison on CIFAR10, AFHQvZable 4: FID score at small NFE regimes on latent
and FFHQ and the two solvers Uni_PC and i@iffusion models. We investigate LSUN-Bedroom
NDM. We compare LD3 and two different timeand ImageNet datasets. FID scores are computed
discretization optimization methods, DMN anbased on 50k samples using the reference data set.
GITS. FID scores are computed with 50k samplaslditional results can be found in Appendix F.4.
using the reference data set.

Method NFE=4 NFE=5 NFE=6 NFE=7
Method NFE=4 NFE=6 NFE=8 NFE=10 | SUN-Bedroom-256 (latent space)
CIFAR10 Uni_PC (3M) 39.78 13.88  6.57 4.56

Uni_PC (3M) 43.92 13.12 4.41 3.16 Uni_PCI[GITS] 70.93  47.37 22.33 17.27
Uni_ PC[GITS] 2532 11.19 567 3.70 Uni_PC [DMN] 29.22 821 440 455

Uni_PC [DMN] 26.35 8.09 5.90 2.45 Uni_PC [LD3] 20.15 9.09 4.98 4.18
Uni_PC[LD3] 1372 592 342 2.87 iPNDM (3M) 1193 6.38 5.08  4.39
iPNDM (3M) 35.04 11.80 5.67 3.69 iPNDM [GITS]  76.86 59.17 28.09 19.54
iPNDM [GITS] 15.63  6.82 4.29 2.78 iPNDM [DMN] ~ 11.82  6.15 4.71 5.16
iPNDM [DMN]  28.09  9.24 7.68 3.31 iPNDM [LD3] 848 593 452 431
iPNDM [LD3] 931 335 281 2.38 Teacher 3.06
Teacher 2.08 Imagenet-256 (latent space)
AFHQv2 Uni_PC(3M) 2001 851 592 520
Uni_PC (3M) 3378  8.27 4.60 3.81 Uni_PC[GITS] 54.88 3491 1462  9.04
Uni_PC[GITS] 1220 7.26 3.86 2.88 Uni_ PC[DMN] 16.72  7.96 7.54 7.81
Uni_PC[DMN] 30.32 1446  6.85 2.94 Uni_PC[LD3] 9.89 503 446  4.32
Uni_PC[LD3] 1299 381 290 2.84 iPNDM (3M) 13.86  7.80 6.03 5.35
iPNDM (3M) 2320 955 4.49 3.19 iPNDM [GITS] 56.00 4356 19.33  10.33
iPNDM [GITS] 12.89  6.10 4.03 3.26 iPNDM [DMN] ~ 10.15  7.33 7.25 7.40
iPNDM [DMN]  33.15  16.01  10.12 3.22 iPNDM [LD3] 9.19 6.03 5.09 4.68
iPNDM [LD3] 996 363 263 2.27

Teacher 4.17
Teacher 2.11

FFHO Table 5: FID scores on Stable Diffusion v1.5.
We follow the standard FID evaluation with 30k

Uni_PC (3M 5325 11.24 559 3.9 ; ;
Uﬂtpcfew)s] 2138 1221 784 446 captions from MS-COCO (Lin et al., 2015).

Uni_PC[DMN] 2582  9.47 6.85 3.54
Uni PC[LD3] 21.00 597 350  3.27 Method NFE=4 NFE=5 NFE=6 NFE=7
IPNDM (3M) 36.54 16.44 8.11 5.39 iPNDM (2M) 17.76 14.41 13.86 13.76
iPNDM[GITS] ~ 18.05  9.38 5.72 3.96 iPNDM [GITS]  18.05  14.11 1210 11.80
iPNDM [DMN] ~ 31.30 1212  11.00 5.24 iPNDM [DMN]  21.70 17.30 13.68 11.88
iPNDM[LD3]  17.96 6.47  3.97 3.25 iPNDM [LD3] 17.32 13.07 1240 11.83
Teacher 2.54

Table 6: LD3 improves InstaFlow, a few-step

Table 3: Comparison of FID scores on CIFAR1@xt-to-image generation model. We compare the
using iPNDM solver. We compare LD3's disFID score with 10k captions sampled from MS-
cretization with commonly selected heuristics. COCO (Lin et al., 2015).

Discretization type NFE=4 NFE=6 NFE=8 NFE=10 Method NFE=2 NFE=4 NFE=6
Time LogSNR 35.04 11.80 5.67 3.69 InstaFlow 2256 16.04 14.78
Time Uniform 266.26  229.39 205.24  185.28 | |nstaFlow [LD3] 15.49 14.33 14.12
Time Quadratic 139.72 68.82 37.82 23.40 -

Time EDM 2978 995 541 380 _reacher (NFE =8, Uniform) 14.25

LD3 9.31 3.35 2.81 2.38

For latent space diffusion models, we compare our method to the best discretization approaches
using Latent Diffusion models (Rombach et al., 2022) trained on LSUN-Bedroom and ImageNet, as
shown in Table 4. Our model consistently matches or outperforms baseline methods, particularly
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in low NFE scenarios. For example, at NFE=4, Uni_PC [LD3] achieves an FID sc@@ 1#on
LSUN-Bedroom, around 9 points better than the next best model, Uni_PC [DMN].

We also test the performance of LD3 on text-to-image generation. Table 5 shows performance of LD3
on Stable Diffusion. Generally, LD3 outperforms the default Time Uniform discretization while GITS
and DMN only improve the performance given enough number of steps. InstaFlow (Liu et al., 2023)
is a few-step text-to-image generation, it can generate high-quality images in just a few steps using
a simple Euler solver. We further show that LD3 can signi cantly boost the generation quality by
optimizing the time step (Table 6). For example, LD3 improves FID score from 22 56.4@with

only 2 NFE. One might question how different training prompts affect the nal results. Interestingly,
when we train our model using different sets of prompts, we achieve similar FID scores with small
variance. Please refer to Appendix F.3 for more details. For qualitative comparisons, please refer
to Figures 3 and 4 and Appendix F.5.

Figure 4: Side-by-side comparison of random images generated by different pre-trained models
across four datasets: AFHQv2, ImageNet, FFHQ, and LSUM-Bedroom. We compare LD3 with
DMN (Xue et al., 2024), GITS (Chen et al., 2024), and Time Uniform discretization. For each dataset,
samples from each column are created using the same initial noise, solver, and the number of NFE.
We provide more side-by-side comparisons in Appendix F.5

Ablation study. We investigate the importance of different components in our model as shown
in Table 7. Initially, we compare variants with and without trainirfg(cf. the decoupling technique
described in Section 4.3) and then examine the effects of other factors on performance. This is
particularly important because the variant withobiis easily integrated into any ODE samplers,
making a detailed study of its behavior bene cial to the community. We observe ttsgni cantly
contributes to the performance of LD3, which is expected as it effectively doubles the number of
trainable parameters. For both versions, optimiziRgy results in worse performance compared

to optimizingL 5ot . FOr instance, on CIFAR10, with NFE=6, usihg.; improves the FID score

by 44% (from 13:46to 7:51). The effect ofL 5ot is less pronounced withouf; with the same NFE,

L sort boOSts the FID by15% (from 14:20to 12:03).

Table 8 highlights the importance of learning a time discretization tailored to the ODE solver type. In
particular, we train LD3 using DPM_Solver++, utilizing the optimized time steps for testing on both

DPM_Solver++ and Euler. If the choice of solver were irrelevant, the optimized time steps would
perform well on both solvers. However, this is not the case. Optimized time steps for DPM_Solver++
perform poorly for Euler and vice versa. For instance, the optimized time steps for DPM_Solver++
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