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ABSTRACT

Diffusion models (DMs) have shown remarkable capability in image synthesis,
yet they typically require hundreds of sampling steps to produce high-quality out-
puts. To alleviate this inefficiency, prior work has explored distilling the sampling
trajectories of pre-trained models. However, these approaches often disrupt the
original parameter space and incur substantial distillation training costs. Recent
findings suggest that the sampling space of DMs can be effectively captured by
as few as three basis vectors, with the resulting low-dimensional trajectories ex-
hibiting strong structural similarity. Based on this insight, we propose TrajP-L
(Trajectory-Based Plugin with LoRA), a trajectory similarity-based learnable plu-
gin. It achieves efficient DMs distillation via the synergy of LoRA and a trajectory
correction module (TrajP). Specifically, we construct a student model by combin-
ing LoRA with the weights of a pre-trained model to initialize the distillation
process. We then extract the coordinate information of the current and next sam-
pling timesteps from a fitted 3D trajectory representation, and employ TrajP to
refine the student’s sampling direction. Extensive experiments show that TrajP-L
requires only a small number of sampling trajectories for fine-tuning, while sub-
stantially mitigating discretization errors. For example, on CIFAR-10, TrajP-L
trains on merely 5k trajectories for 10 minutes on a single NVIDIA RTX 3090
GPU, improving DDIM performance from 169.50 FID (NFE=2) to 5.02.

1 INTRODUCTION

Generative models are a class of deep learning models that learn the underlying probability dis-
tribution of data and generate samples resembling the training set. Representative approaches in-
clude Generative Adversarial Networks (GANs) (Goodfellow et al., 2020), Variational Autoencoders
(VAEs) (Kingma & Welling, 2013), and Diffusion Models (DMs) (Sohl-Dickstein et al., 2015; Song
et al., 2020a; Ho et al., 2020). Among them, DMs stand out for their forward noising and re-
verse denoising diffusion structure and have achieved substantial progress in a wide range of tasks,
such as image generation (Sohl-Dickstein et al., 2015; Song & Ermon, 2019; Song et al., 2020b),
text-to-image generation (Rombach et al., 2022), video generation (Zheng et al., 2024), text-to-3D
generation (Poole et al., 2022), and audio generation (Evans et al., 2024). However, due to the in-
herent limitations of the diffusion process, DMs typically require dozens to hundreds of sampling
steps to produce high-quality results. The slow sampling speed and large computational overhead
significantly hinder their practical deployment.

The acceleration of diffusion model sampling can be broadly categorized into two families: solver-
based methods (Karras et al., 2022; Liu et al., 2022; Lu et al., 2022; 2025; Song et al., 2020a; Zhang
& Chen, 2022; Zhao et al., 2023; Zheng et al., 2023; Wang et al., 2024a; Zhou et al., 2024a; Zhu
et al., 2025) and distillation-based methods (Salimans & Ho, 2022; Yin et al., 2024b; Zhou et al.,
2024b; Wang et al., 2024b). Solver-based methods focus on designing fast solvers to reduce the dis-
cretization error of individual steps, and can generate images of comparable quality to the original
1000-step process with only a dozen denoising iterations. However, due to the inherent accumu-
lation of discretization errors, their performance deteriorates sharply when the number of function
evaluation (NFE) drops below 10, leading to a significant loss in sample quality. To overcome
this limitation, a substantial body of research has focused on distillation strategies for pre-trained
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(a) CIFAR10 32×32
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(b) ImageNet 64×64
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Figure 1: (a) Visual Comparison on CIFAR10 32×32 (Krizhevsky & Hinton, 2009) based on FID↓.
(b) Visual Comparison on FFHQ 64×64 (Karras et al., 2019) dataset based on FID↓. (c) Comparison
of partial sampling trajectories between TrajP-L and a first-order Euler solver (Song et al., 2020a),
where the update directions are guided by the tangent directions of the sampling trajectories.

DMs. (Luhman & Luhman, 2021; Luo et al., 2023a; Berthelot et al., 2023). Distillation-based meth-
ods are generally more effective than solvers in low-NFE regimes, and some even establish a direct
mapping between the noise and data distributions, enabling one-step generation of images with qual-
ity comparable to the full 1000-step process (Song et al., 2023; Kim et al., 2023; Yin et al., 2024b).
Nevertheless, these approaches suffer from a critical drawback: as the number of sampling steps
decreases, the training cost of the student model grows substantially—sometimes even exceeding
that of the teacher model—severely limiting practical deployment. To mitigate this issue, recent
studies have attempted to distill entire sampling trajectories and have achieved some progress (Zhou
et al., 2024b; Wang et al., 2024b). Yet, these methods either require an extremely large number of
trajectories (≥ 200K) or perform poorly under very low NFE (≤ 5) settings (Wang et al., 2024b).

To further reduce the distillation cost of DMs, we revisit the role of sampling trajectories in the
distillation process. Existing approaches often rely on constructing complete teacher trajectories,
which makes the process computationally expensive. However, our study reveals that DMs trajec-
tories exhibit strong structural similarity not only in low-dimensional spaces (Chen et al., 2024),
but also in the original sampling space (see Appendix C.3). This key observation motivates us to
leverage trajectory-shape information together with only a small number of teacher trajectories, to
guide the student model. By correcting the student’s sampling direction with this trajectory-aware
prior, discretization errors during few-step sampling with large intervals can be significantly miti-
gated. Based on this idea, we propose TrajP-L, a trajectory-based plugin with LoRA, to construct
the student model and further refine its denoising direction using the three-dimensional geometry of
teacher trajectories. Experiments demonstrate that TrajP-L not only accelerates the distillation pro-
cess but also substantially reduces discretization errors, enabling a practical and efficient paradigm
of “trajectory-aware distillation” for DMs.

The key contributions of this paper are summarized as follows:

• We verified the strong similarity of diffusion model sampling trajectories in the original sampling
space and fitted a mathematical expression of the trajectories in three-dimensional space, enabling
precise acquisition of trajectory information at any timestep;

• We proposed the trajectory correction plugin TrajP-L, which leverages the fitted trajectory expres-
sion to dynamically correct the denoising direction at each sampling step, effectively reducing the
cumulative error of DMs under few-step sampling with large intervals;

• We conducted extensive experiments on multiple datasets, and the results show that the proposed
TrajP-L plugin can effectively accelerate the sampling speed of DMs while introducing virtually
no additional computational overhead.
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2 PRELIMINARIES

2.1 DIFFUSION AND DENOISING PROCESSES

DMs (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020b) learn a mapping between data
and noise distributions through a forward diffusion process and a reverse denoising process.

2.1.1 FORWARD DIFFUSION

Given x0 and the current time step t, where x0 ∼ Pdata(x) and t ∈ [0, T ], the probability distribution
q(xt|x0) of xt can be obtained by adding standard Gaussian noise ϵ of varying intensities to x0 at
different time steps t:

xt = αtx0 + σtϵ,

q(xt|x0) = N (xt;αtx0, σ
2
t I).

(1)

Here, both αt and σt are functions of t. When representing xt using a forward continuous SDE (Song
et al., 2020b), we have:

dxt = f(t)xtdt+ g(t)dwt. (2)

Combining with Eq. (1), we get f(t) = d
dt (lnαt) =

1
αt

dαt

dt , g(t)2 = α2
t

d
dt

(
σ2
t

α2
t

)
= 2αtσt

d
dt

(
σt

αt

)
,

and wt ∈ RD is a standard Wiener process.

2.1.2 REVERSE DENOISING PROCESS

DMs map the prior distribution back to the target distribution through reverse denoising process.
The reverse denoising process can be expressed as the inverse of Eq. (1) and Eq. (2). Since different
values of αt and σt in Eq. (1) can be represented by Eq. (2), this paper mainly discusses the reverse
denoising process in the form of SDE. According to research on Song et al. (2020b), there exists an
equivalent reverse SDE diffusion process for Eq. (2):

dxt = [f(t)xt − g2(t)∇x log qt(xt)]dt+ g(t)dwt. (3)

Here, wt denotes a standard Wiener process with time flowing backward from T to 0. The term
∇x log qt(xt), referred to as the score function, represents the gradient of the log-density of the data
distribution qt(xt) at xt, and characterizes both the direction and the strength of denoising from
the noisy sample xt toward the clean sample x0. Since ∇x log qt(xt) is generally intractable, it is
approximated using neural networks. To remove the randomness in Eq. (3), Song et al. (2020b) de-
rived the probability flow ordinary differential equation (PF-ODE), which shares the same marginal
distribution as Eq. (3) at any time t, based on the Fokker–Planck equation, as follows:

dxt = [f(t)xt −
1

2
g2(t)∇x log qt(xt)]dt. (4)

The reverse denoising process represented by Eq. (4) eliminates the influence of random noise, and
its solution process is more stable and computationally efficient. Samples can be generated step by
step through deterministic ODE solvers (such as Euler’s method (Song et al., 2020a), Runge-Kutta
method (Liu et al., 2022)), thus having higher practical value.

2.2 SCORE MATCHING

To solve the reverse denoising process of Eq. (4), Song & Ermon (2019) introduced the score
matching method, using a neural network sθ(xt, t) to estimate the logarithmic density gradient
∇x log qt(xt) at xt at any time step t. Song & Ermon (2019) pointed out that ∇xt log p(xt|x0)
can perfectly replace ∇x log pt(x), so the loss function of the neural network can be expressed as:

Ex0∼qdataExt∼q(xt|x0)∥sθ(xt, t)−∇xt
log p(xt|x0)∥22. (5)

3
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Some studies use a noise prediction model ϵθ(xt, t) to estimate the Gaussian noise added to x0 (Ho
et al., 2020; Nichol & Dhariwal, 2021), while others (Salimans & Ho, 2022) use a data predic-
tion model Dθ(xt, t) to reconstruct x0 from xt. Both are closely related to the score-based model
sθ(xt, t), with relationships expressed as follows:

sθ(xt, t) = −ϵθ(xt, t)

σt
=

Dθ(xt, t)− xt

σ2
t

. (6)

We follow the setting of EDM (Karras et al., 2022), letting f(t) = 0, g(t) =
√
2t, σ(t) = t, and

substitute the learned score function Eq. (6) into Eq. (4) to obtain a simplified form of PF-ODE:

dx = −sθ(xt, t)tdt = ϵθ(xt, t)dt. (7)

The exact solution of Eq. (7) is:

xti−1
= xti −

∫ ti−1

ti

sθ(xt, t)tdt = xti +

∫ ti−1

ti

ϵθ(xt, t) dt. (8)

3 METHOD

3.1 FITTING OF SAMPLING TRAJECTORIES IN THREE-DIMENSIONAL SPACE

To fully leverage the similarity of diffusion model sampling trajectories for accelerating the dis-
tillation process, in this section we attempt to fit a mathematical representation of the sampling
trajectories in three-dimensional space, enabling the extraction of trajectory coordinates at arbitrary
timesteps. The extracted trajectory coordinates can then be incorporated as prior information into
TrajP-L to correct the sampling direction, ensuring that it remains closely aligned with the teacher’s
sampling trajectories. We first visualized the shapes of the first three principal components of the
sampling trajectories in the CIFAR10 32×32 (Krizhevsky & Hinton, 2009) respectively, as shown in
Figure 2. We found that the shapes of these principal components basically conform to the prop-
erties of polynomial, exponential, or Gamma functions. Additionally, we attempted to use Fourier
functions as the basis functions, but the results were not satisfactory, and the relevant visualization
results are presented in Figure 3.
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Figure 2: Visualization results of the shape of the first three principal components of sampling tra-
jectories for the CIFAR10 32×32 (Krizhevsky & Hinton, 2009).

3.1.1 IMPLEMENTATION OF TRAJECTORY FITTING

We begin by sampling 64 trajectories from the pre-trained model and fitting their PCA-transformed
representations. Unlike (Chen et al., 2024), we designate the direction of xtN−1

− xtN as the first
principal component, since xtN−1

can be readily obtained during sampling. The output of each
dimension (corresponding to PC1, PC2, PC3) is modeled as the combination of three components:
a quadratic polynomial term, an exponential term, and a Gamma term. At time step t, the value of
the k-th dimension (k = 1, 2, 3) is given by:
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Figure 3: Visualization results of polynomial, exponential and gamma basis functions versus
fourier basis functions on the first three principal components of sampling trajectories in the
CIFAR10 32×32 (Krizhevsky & Hinton, 2009).

outputk(t) = quadratick(t) + exponentialk(t) + gammak(t). (9)

The specific expressions of the three components are as follows:

Quadratic Polynomial Term:

quadratick(t) = Pk · t2 +Qk · t+Rk. (10)

Exponential Term:
exponentialk(t) = Ak · exp (λk · t) . (11)

Gamma Term:

gammak(t) = Gfk · tGgk · exp
(
− t

Ghk

)
. (12)

Where Pk, Qk, Rk denote the coefficients of the quadratic, linear, and constant terms of the poly-
nomial, respectively. Similarly, Ak and λk represent the coefficient and the exponential rate of the
exponential term, while Gfk , Ggk , Ghk

correspond to the coefficient, the power exponent, and the
exponential decay parameter of the Gamma term, respectively. In vectorized form, the expression
can be written uniformly as:

output(t) =
(
P t2 +Qt+R

)
+ (A⊙ exp (λ t)) +

(
Gf ⊙ tGg ⊙ exp

(
− t

Gh

))
= [output1(t), output2(t), output3(t)].

(13)

Here, the three dimensions of output(t) correspond to the coefficients of the three principal compo-
nents, PC1, PC2, and PC3, at time t. The shape of the fitted trajectories is illustrated in Figures 8–9,
and the model parameters for different datasets are listed in Tables 10–11. The similarity of diffusion
model sampling trajectories is further validated in Appendix C.

3.2 LORA-BASED DIFFUSION MODEL DISTILLATION MECHANISM

Parameter-Efficient Fine-Tuning (PEFT) (Han et al., 2024) offers a lightweight way to adapt pre-
trained models. Among PEFT methods, LoRA (Hu et al., 2022) reduces computational cost by
constraining updates to a low-rank space while preserving performance. Since diffusion model
distillation via sampling trajectories is effectively task-specific fine-tuning, LoRA can be directly
applied to efficiently update the student model. For any weight matrix W0 ∈ Rd×k, LoRA’s update
via low-rank decomposition is ∆W = BA, and the forward pass for input x is modified accordingly:

h = W0x+
α

r
·BAx, (14)

where B ∈ Rd×r and A ∈ Rr×k are low-rank matrices (rank r ≪ min(d, k)), α is a scaling factor.
The pre-trained weight W0 remains fixed during training, and only A and B need to be optimized to
achieve parameter-efficient updates.
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In trajectory distillation, the student model aims to match the teacher’s multi-step sampling trajectory
using a single-step Euler method (see Appendix A). With LoRA, the student parameters θ comprise
the pre-trained weights W0 and low-rank matrices Aθ

i , B
θ
i for layers where LoRA is applied. The

loss function can be expressed as:

Lθ({Aθ
i , B

θ
i }) = E

∥∥xtn−1
− x̂tn−1

∥∥ . (15)

Here, x̂tn−1 denotes the denoised output of the student model, while xtn−1 denotes that of the
teacher model. To reduce the number of trainable parameters and mitigate the risk of overfitting, we
introduce trainable LoRA layers into half of the linear and convolutional layers (see Figure 4). The
values of r and α are listed in Tables 3, 7, and 15. By leveraging LoRA, the number of trainable
parameters in the distillation process is reduced from O(dk) to O(r(d + k)), achieving over 95%
parameter compression (see Table 8).

3.3 THE PROPOSED TRAJP-L

Algorithm 1 Correction

Require: trajectory buffer Q, trajectory information u, v, w, denoising direction d̂t
1: Obtain xbuff = {xN , d̃tN , ..., d̃tn−1} from Q ▷ Obtain the denoising starting point and

historical denoising directions.
2: xbuff .append(d̂)
3: xbuff = concat(xbuff )
4: [PC1, PC2, PC3] = Conv(xbuff ) ▷ Implicit PCA via convolution
5: dc = u · PC1 + v · PC2 + w · PC3
6: d̃n = α · d̂t + (1− α) · dc ▷ Correct the sampling direction.
7: return d̃tn

To further reduce discretization errors under few-step sampling with large intervals and fully exploit
the shape similarity of diffusion model trajectories, we propose TrajP-L, a trajectory-based plugin
with LoRA. This plugin leverages the trajectory prior fitted in Section 3.1 to dynamically adjust
the sampling direction of the student model, significantly improving sampling accuracy without
increasing model parameter complexity. The workflow is as follows: based on the fitted trajectory
expression output(t), we compute the coordinate difference between the current time tn and the
target time tn−1 in the low-dimensional principal component space:

[u, v, w] = output(tn−1)− output(tn). (16)

The denoising direction of TrajP-L can be expressed as:

d̃tn = Tθ(d̂tn , Q, u, v, w). (17)

Here, d̂tn is the denoising direction output by pre-trained model with LoRA, and Q is the cached
denoising starting point and denoising direction. The denoising output of the next step can be
expressed as:

x̃tn−1
= xtn + (tn − tn−1)d̃tn . (18)

During the training process, TrajP and LoRA are updated through joint optimization, and the loss
function is defined as:

Lθ = E
∥∥xtn−1 − x̃tn−1

∥∥ . (19)

Here, x̃tn−1
denotes the denoised output produced by TrajP-L. By leveraging LoRA for parameter-

efficient updates and exploiting the trajectory similarity verified in Section 3.1, TrajP-L requires
only 3K–7K trajectories to cover the full sampling space (see Table 16), substantially reducing both
data collection and training costs. The detailed correction process is shown in Algorithm 1, and the
training and sampling procedures of TrajP-L are detailed in the Algorithms 3–4.
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Figure 4: Schematic Diagram of Trajectory Generation and Distillation. (a) We use a pre-trained
teacher model Dθ to generate and save sampling trajectories. For Stable Diffusion v1.5 (Rombach
et al., 2022), the solver S adopts DPM-Solver++(2M) (Lu et al., 2025); for other models, the solver
S uses DPM-Solver++(3M) (Lu et al., 2025). (b) Other distillation-based methods construct student
models by retraining or fine-tuning the entire teacher model to mimic complete sampling trajecto-
ries (Song et al., 2023; Zhou et al., 2024b), and the solver E generally adopts DDIM (Song et al.,
2020a). (c) TrajP-L introduces LoRA (Hu et al., 2022), which effectively reduces the number of
trainable parameters by over 95%. It performs implicit PCA by caching denoising directions and
corrects the sampling direction using information from the fitted trajectory function.

4 EXPERIMENTS

4.1 EXPERIMENT SETTING

Datasets and pre-trained models. We employ TrajP-L for model distillation across a wide range
of image resolutions (32–512) and spaces (pixel and latent spaces). In the pixel space, we utilize
CIFAR10 32×32 (Krizhevsky & Hinton, 2009), FFHQ 64×64 (Karras et al., 2019), and ImageNet
64×64 (Deng et al., 2009). In the latent space, we adopt LSUN-Bedroom 256×256 (Yu et al., 2015)
and 512×512 resolution images generated using the Stable Diffusion v1.5 checkpoint (Rombach
et al., 2022). Both student and teacher network parameters are initialized from pre-trained diffusion
models provided by EDM (Karras et al., 2022) and LDM (Rombach et al., 2022).

Trajectory generation. Following Zhou et al. (2024b), we use DPM-Solver++(3M) (Lu et al.,
2025) as the teacher solver with M = 4 and tmin = 0.006. For text-to-image generation with Stable
Diffusion (Rombach et al., 2022), we adopt DPM-Solver++(2M) (Lu et al., 2025) (the default Stable
Diffusion setting) with M = 3 and tmin = 0.01. We generate 3K trajectories on MS-COCO (Lin
et al., 2014), 7K on FFHQ (Karras et al., 2019), and 5K on other datasets. Additional trajectory
generation details are provided in the Algorithm 2.

7
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Training settings. We optimize all datasets using the AdamW optimizer (Loshchilov & Hutter,
2017). The learning rate is set to 1e-5 for Stable Diffusion (Rombach et al., 2022) and 5e-5 for
other datasets. TrajP-L uses an L1 loss for parameter optimization across all datasets. All training
is conducted on a single NVIDIA RTX 3090 GPU. Further training details can be found in Table 7.

Evaluation. For Stable Diffusion (Rombach et al., 2022), we evaluate TrajP-L over NFE ∈ {8,
12, 16, 20}. For other datasets, we evaluate over NFE ∈ {2, 3, 4, 5, 6}, using AFS (Dockhorn
et al., 2022) to save one NFE. Sample quality is measured using the Fréchet Inception Distance
(FID) (Heusel et al., 2017). For Stable Diffusion, FID is computed by generating 30K images from
MS-COCO (Lin et al., 2014) validation prompts with a guidance scale of 7.5. For other datasets, we
sample 50K images to calculate FID. The validation set serves as reference, and FID computation
follows the protocols in Liu et al. (2023); Sauer et al. (2024).

4.2 MAIN RESULTS

In Table 1, we report FID scores of TrajP-L compared with several baseline solvers on the CIFAR10
32×32 (Krizhevsky & Hinton, 2009). The results demonstrate that our learned sampling direction
consistently yields substantial improvements across all NFE settings. Notably, at NFE = 4 and
NFE = 6, TrajP-L achieves FID scores of 3.54 and 3.09, respectively, compared to 25.00 and 7.28
for iPNDM (Liu et al., 2022), and 9.70 and 74.70 for EPD-Solver (Zhu et al., 2025). Moreover,
under extremely low NFE conditions (e.g., NFE = 2), TrajP-L attains an FID of 5.02, substantially
outperforming EPD-Solver (108.93). Additional comparison results are provided in Appendix D.

Table 1: Experimental results of FID↓ on CIFAR10 32×32 (Krizhevsky & Hinton, 2009).

Method NFE
2 3 4 5 6

Training-Free
DDIM (Song et al., 2020a) 169.50 93.73 67.24 50.14 35.83
EDM (Karras et al., 2022) 468.41 306.08 319.75 98.18 100.32
DPM-Solver-2 (Lu et al., 2022) 290.34 155.35 146.04 57.67 60.33
iPNDM (Liu et al., 2022) 154.24 48.13 25.00 13.74 7.28
DEIS (Zhang & Chen, 2022) 143.52 56.46 25.83 14.46 9.51
DPM-Solver++(3M) (Lu et al., 2025) 147.33 110.58 46.73 25.14 12.22
UniPC (Zhao et al., 2023) 148.40 110.10 45.43 24.09 11.38

Training-Based
AMED-Solver (Zhou et al., 2024a) 387.11 25.04 15.33 7.77 7.94
EPD-Solver (Zhu et al., 2025) 108.93 10.62 9.70 4.49 4.70
TrajP-L (ours) 5.02 3.91 3.54 3.34 3.09

We evaluate TrajP-L on Stable Diffusion v1.5 (Rombach et al., 2022) with a classifier-free guid-
ance weight of 7.5, reporting FID scores on the MS-COCO validation set in Table 2. Furthermore,
we compare the sample quality between DPM-Solver++(2M) (Lu et al., 2025) and AMED-Plugin
(applied on DPM-Solver++(2M)) (Zhou et al., 2024a). The results consistently demonstrate the
superiority of our proposed method.

Table 2: Sample quality measured by FID↓ on Stable Diffusion v1.5 with a guidance scale of 7.5.
†We directly borrowed the results reported by Zhou et al. (2024a).

Method NFE (1 step = 2 NFE)

8 12 16 20

DPM-Solver++(2M) (Lu et al., 2025) 21.59 15.85 14.81 14.28
†AMED-Solver (Zhou et al., 2024a) 18.92 14.84 13.96 13.24
TrajP-L (Ours) 17.91 14.14 12.97 12.39

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

4.3 ABLATION STUDIES

Impact of trajectory counts: Although the sampling trajectories of DMs exhibit highly similar
spatial shapes (Chen et al., 2024), fine-tuning DMs with an extremely small number of trajectories
remains challenging due to variations in their starting points and directions. To investigate the
number of trajectories required to cover the complete sampling space, we conducted ablation studies
on CIFAR10 32×32 (Krizhevsky & Hinton, 2009), ImageNet 64×64 (Deng et al., 2009), and LSUN-
Bedroom (Yu et al., 2015). We then determined the optimal number of trajectories based on the FID
scores (Heusel et al., 2017) obtained from training with different trajectory counts. The results are
illustrated in Figure 5, with additional details provided in Table 16.
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Figure 5: Ablation study of trajectory counts on CIFAR10 32×32 (Krizhevsky & Hinton, 2009),
FFHQ 64×64 (Karras et al., 2019), and ImageNet 64×64 (Deng et al., 2009) evaluated by FID↓.

Impact of LoRA’s rank and alpha: Rank and alpha are key hyperparameters in LoRA that criti-
cally influence fine-tuning performance, affecting model accuracy, parameter efficiency, and gener-
alization. Specifically, rank denotes the dimensionality of LoRA’s low-rank matrices, while alpha
serves as a scaling factor for the parameter updates. We identified the optimal rank–alpha combina-
tion via grid search across multiple datasets. Table 3 reports the results on ImageNet 64×64 (Deng
et al., 2009), with additional findings provided in Appendix D.1.

Table 3: Ablation Study of LoRA’s rank and alpha on ImageNet 64×64 (Deng et al., 2009), using
5K trajectories and evaluated by FID↓.

Rank Alpha
NFE

2 3 4 5 6

8
4 13.46 8.82 5.50 6.79 3.87
8 14.13 9.32 6.10 7.85 4.21

16
8 11.84 6.68 5.29 4.41 4.14

16 12.42 8.18 5.62 4.84 4.45

24
12 11.54 6.35 5.31 4.68 4.47
24 12.26 7.15 5.87 4.79 4.76

Impact of LoRA and TrajP: In Table 4, we report the performance of using TrajP, LoRA, and
TrajP-L individually on the CIFAR10 32×32 (Krizhevsky & Hinton, 2009). The results demonstrate
that TrajP-L consistently outperforms the individual components, achieving superior FID scores
across all NFE settings.

Impact of the number of principal components: To investigate the sensitivity of TrajP to the num-
ber of trajectory principal components used, we present the ablation study results on the CIFAR10
32×32 Krizhevsky & Hinton (2009) in Table 5.
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Table 4: Ablation study of TrajP-L on CIFAR10 32×32 (Krizhevsky & Hinton, 2009), using 5K
trajectories and evaluated by FID↓.

Used Modules
NFE

2 3 4 5 6

w.o. TrajP-L (DDIM) 169.50 93.73 67.24 50.14 35.83
w.o. LoRA 63.96 28.31 15.33 9.02 6.55
w.o. TrajP 5.26 4.14 3.64 3.52 3.19
TrajP-L 5.02 3.91 3.54 3.34 3.09

Table 5: Ablation study on the number of principal components on CIFAR10 32×32
(Krizhevsky & Hinton, 2009) with 5K trajectories based on FID↓.

PC Nums.
NFE

2 3 4 5 6

2 4.88 4.16 3.50 3.38 3.19

3 5.02 3.91 3.54 3.34 3.09

4 4.94 4.08 3.41 3.13 3.17

4.4 QUALITATIVE ANALYSIS

In Figure 6, we present a comparison of images generated by DDIM (Song et al., 2020a),
iPNDM (Liu et al., 2022), and our proposed TrajP-L using pre-trained models on CIFAR10
32×32 (Krizhevsky & Hinton, 2009), FFHQ 64×64 (Karras et al., 2019), and LSUN-Bedroom
256×256 (Yu et al., 2015). Under identical NFE settings, TrajP-L consistently produces images with
superior visual quality, and this advantage becomes increasingly pronounced as NFE decreases. For
example, at NFE = 2, TrajP-L generates clear, high-fidelity images, whereas the outputs from other
samplers appear noticeably blurred. Additional visual comparisons are provided in Appendix D.2.

iPNDM

DDIM

TrajP-L

(a) CIFAR10 32×32
2 3 4 5 6 2 3 4 5 6 2 3 4 5 6NFE

(b) FFHQ 64×64 (c) LSUN-Bedroom 256×256

Figure 6: Comparison of generated samples among DDIM (Song et al., 2020a), iPNDM (Liu et al.,
2022) and TrajP-L. Compared to other methods, TrajP-L achieves high-quality results even at NFE
= 2.

5 CONCLUSION

In this paper, based on the observation that diffusion model sampling trajectories exhibit significant
shape similarity and leveraging LoRA’s fine-tuning mechanism, we propose TrajP-L, a trajectory-
based plugin with LoRA. TrajP-L acquires prior knowledge of trajectory shapes by incorporating
fitted expressions of teacher model sampling trajectories in 3D space, thereby enabling distillation
with only a small number of teacher trajectories. This design effectively mitigates errors arising
in few-step sampling with large intervals, leading to a substantial reduction in NFE required for
diffusion model sampling. Extensive experimental results demonstrate that TrajP-L consistently
delivers strong performance on both unconditional and conditional pre-trained diffusion models.
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ETHICS STATEMENT

Like other generative models such as GANs (Goodfellow et al., 2020) and VAEs (Kingma &
Welling, 2013), DMs may be used to generate malicious content and cause certain social harms.
The TrajP-L proposed in this paper can significantly accelerate the generation process of DMs with
a small amount of training resources, thereby reducing the cost of generating malicious or false
data. However, with the development of deepfake detection technology, the potential negative social
impacts of our technology can be mitigated to a certain extent.

REPRODUCIBILITY STATEMENT

Our code is based on the official implementations of AMED (Zhou et al., 2024a), SFD (Zhou et al.,
2024b) and EPD (Zhu et al., 2025). We used the unconditional checkpoint of EDM (Karras et al.,
2022) and the conditional checkpoint of LDM (Rombach et al., 2022). Detailed experimental set-
tings and algorithm implementations are described in Appendix C, and the main code has been
uploaded along with the supplementary material.
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A RELATED WORKS

Compared to GANs (Goodfellow et al., 2020) and VAEs (Kingma & Welling, 2013), DMs generate
images of superior quality (Dhariwal & Nichol, 2021), but require hundreds of denoising steps (Ho
et al., 2020; Song & Ermon, 2019). Consequently, numerous studies have sought to accelerate DMs
sampling, with approaches falling broadly into solver-based and distillation-based methods.

Solver-based methods. Song et al. (2020b) unified DMs’ noise injection and denoising processes
into a stochastic differential equation formulation (see Eqs. (2–5)), and showed the sampling proce-
dure can be interpreted as solving a reverse PF-ODE (see Eqs. (6–7)). This perspective inspired a
range of solver-based methods. Among them, Euler method (Song et al., 2020a), Heun method (Kar-
ras et al., 2022), iPNDM (Liu et al., 2022), DEIS (Zhang & Chen, 2022), UniPC (Zhao et al., 2023),
and Taylor expansion-based solvers (e.g., DPM-Solver (Lu et al., 2022), DPM-Solver++ (Lu et al.,
2025)) are widely adopted for their training-free nature. Furthermore, (Wang et al., 2024a) intro-
duced an orthogonal dimension to these PF-ODE solvers by incorporating past and future scores.

However, due to discretization errors, training-free approaches still suffer from suboptimal image
quality at low NFE. To address this, many studies have explored improved time discretization sched-
ules for faster sampling. For instance, GITS (Chen et al., 2024) leverages the similarity of denoising
trajectories in DMs and uses dynamic programming to optimize time allocation; AYS (Sabour et al.,
2024) is the first to apply stochastic calculus to time scheduling, overcoming the limitation of tra-
ditional heuristic-based strategies. Additionally, other works reduce discretization errors by learn-
ing combinations of past or future denoising directions. For example, AMED-Solver (Zhou et al.,
2024a) uses the mean value theorem to train a lightweight network that predicts the optimal inter-
mediate future timestamp between current and next denoising steps, taking its denoising direction
as the current update; EPD-Solver (Zhu et al., 2025) computes K intermediate future timestamps in
parallel and samples from a weighted combination of these K future directions and the current one;
S4S (Frankel et al., 2025), by contrast, focuses on “current and past steps”, reducing discretization
errors via learning an optimized weighted combination of their denoising directions.

Distillation-based methods. Both training-free and training-based solver methods suffer from
rapidly escalating discretization errors at low NFE, severely degrading image quality. Distillation-
based methods, by contrast, address this by retraining or fine-tuning DMs to recalibrate denoising
directions, ensuring closer alignment with ground-truth transitions between denoising steps. These
methods are generally divided into three categories: trajectory distillation, consistency distillation,
and distribution matching.

Trajectory distillation (Luhman & Luhman, 2021) achieves acceleration by guiding the student
model’s one-step denoising direction to approximate the teacher model’s multi-step trajectory. Exist-
ing works follow two main strategies: (i) multi-stage distillation, which progressively decreases the
number of sampling steps (Salimans & Ho, 2022; Meng et al., 2023; Li et al., 2023); and (ii) trajec-
tory imitation, where the student is trained to replicate the teacher’s complete sampling path (Zhou
et al., 2024b; Wang et al., 2024b).

Consistency distillation accelerates sampling by enforcing alignment of denoising directions across
all time steps (Song et al., 2023), demonstrating strong efficiency gains. Luo et al. (2023a)
extended this idea to the latent space and validated its effectiveness, while Kim et al. (2023)
generalized consistency distillation to arbitrary timestamps by modeling both fine-grained and
long-range jumps along the PF-ODE trajectory. Despite its ability to enable single-step genera-
tion, consistency distillation demands substantial training resources, often exceeding the cost of
training the original teacher model (Song et al., 2023; Zhou et al., 2024b). In addition, LCM-
LoRA (Luo et al., 2023b; Thakur & Vashisth, 2024) integrates LoRA into latent space consistency
distillation, which effectively accelerates the process and reduces the distillation cost.

Distribution-matching methods (Sauer et al., 2024; Yin et al., 2024b;a) align generated and real sam-
ples at the distribution level, enabling high-quality one-step generation but often requiring auxiliary
loss functions. For example, DMD (Yin et al., 2024b) minimizes an approximate KL divergence to
better match the generated and real distributions. However, such approaches are susceptible to mode
collapse and, like other distillation-based methods, incur substantial computational costs.

While TrajP-L belongs to the family of trajectory distillation methods, it departs from existing ap-
proaches in two key ways: (i) it introduces LoRA (Hu et al., 2022) into trajectory distillation, pre-
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serving the parameter space of the teacher model, (ii) it incorporates a trajectory-shape prior based
on the inherent similarity of denoising paths in diffusion models. This design implicitly applies
PCA (Abdi & Williams, 2010) to diffusion trajectories, which—when combined with a trajectory
fitting function—guides corrections to the denoising direction. As a result, TrajP-L attains compara-
ble performance with only 3K–7K teacher trajectories (see Table 7), whereas conventional trajectory
distillation typically requires around 200K (Zhou et al., 2024b).

B ALGORITHMS OF TRAIP-L

All the algorithms involved in the main text are illustrated in the following.

Algorithm 2 Trajectory Generation

Require: pre-trained model Dθ, number of student sampling steps N , number of teacher sampling
steps between every two noise levels of student M , number of teacher sampling steps N ′ =

N +M × (N − 1), noise schedule {tn}N
′

n=0.
1: Init: L = {} ▷ Initialize the teacher’s sampling trajectory list
2: repeat
3: Sample: xtN′ = x̃tN′ ∼ N (0; t2N ′I)
4: Init: count = 0, L = {xtN′}
5: for n = N ′ to 1 do
6: x̂t0 = Dθ(xtn , tn)
7: xtn−1

= xtn + (tn − tn−1)(xtn − x̂t0)/tn
8: xtn = xtn−1

9: count = count+ 1
10: if count == M + 1 then ▷ Save the trajectory of the teacher model every M steps
11: L.append(xtn)
12: count = 0
13: end if
14: end for
15: L.append(L)
16: until convergence
17: return L

Algorithm 3 Training

Require: pre-trained model with LoRA Lθ, TrajP plugin Tθ, trajectory fitting model Cθ ,teacher’s
sampling trajectory list L, number of student sampling steps N , noise schedule {tn}Nn=0.

1: repeat
2: for i = 0 to len(L) do
3: L = L[i], xtN = L[0], Q = {xtN }
4: for n = N to 1 do
5: x̂t0 = Lθ(xtn , tn)

6: d̂tn = (xtn − x̂t0)/tn ▷ The denoising direction calculated using solely Lθ

7: u, v, w = detach(Cθ(tn, tn−1)) ▷ Obtain the trajectory information from tn to tn−1

8: d̃tn = Tθ(d̂tn , Q, u, v, w) ▷ Use Tθ to correct the denoising direction
9: Q.append(d̃tn) ▷ Cache the denoising direction

10: x̃tn−1
= xtn + (tn − tn−1)d̃tn

11: xtn−1
= L[N − n+ 1]

12: θ = θ − α∇θd(x̃tn−1
, xtn−1

) ▷ Synchronously update the parameters of Lθ and Tθ

13: xtn−1
= x̃tn−1

14: end for
15: end for
16: until convergence
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Algorithm 4 Sampling

Require: pre-trained model with LoRA Lθ, TrajP plugin Tθ, trajectory fitting model Cθ, number
of student sampling steps N , noise schedule {tn}Nn=0.

1: Sample: xtN = x̃tN ∼ N (0; t2NI)
2: Init: Q = {xtN }
3: for n = N to 1 do
4: x̂t0 = Lθ(xtn , tn)

5: d̂tn = (xtn − x̂t0)/tn
6: u, v, w = detach(Cθ(tn, tn−1))

7: dtn = Tθ(d̂tn , Q, u, v, w)
8: Q.append(dtn)
9: xtn−1

= xtn + (tn − tn−1)dtn
10: end for
11: return xt0

C ADDITIONAL EXPERIMENT DETAILS

C.1 LICENSE

In this section, we list the links and licenses for the datasets and pre-trained checkpoints used in the
main text in Table 6.

Table 6: The used datasets, checkpoints, as well as their links and licenses.

Name URL License

CIFAR10 32x32 (Krizhevsky & Hinton, 2009) cs.toronto.edu \
FFHQ 64x64 (Karras et al., 2019) github.com/NVlabs CC BY-NC-SA 4.0
ImageNet 64x64 (Deng et al., 2009) image-net.org \
LSUN-Bedroom 256x256 (Yu et al., 2015) yf.io \
MS-COCO 512x512 (Lin et al., 2014) cocodataset.org CC BY 4.0

edm-cifar10-32x32-uncond-vp.pkl (Karras et al., 2022) github.com/NVlabs CC BY-NC-SA 4.0
edm-ffhq-64x64-uncond-vp.pkl (Karras et al., 2022) github.com/NVlabs CC BY-NC-SA 4.0
edm-imagenet-64x64-cond-adm.pkl (Karras et al., 2022) github.com/NVlabs CC BY-NC-SA 4.0
lsun bedrooms.zip (Rombach et al., 2022) ommer-lab.com \
stable-diffusion-v1-5 (Rombach et al., 2022) huggingface.co \
vq-f4 (Rombach et al., 2022) ommer-lab.com \

C.2 SETTINGS

In Table 7, we summarize all the hyperparameters used in our main experiments (Section 4). In
Table 8, we report the parameter sizes of the pre-trained model, LoRA, and the TrajP plug-in
across CIFAR-10 32×32 (Krizhevsky & Hinton, 2009), FFHQ 64×64 (Karras et al., 2019), Ima-
geNet 64×64 (Deng et al., 2009), LSUN-Bedroom 256×256 (Yu et al., 2015), and Stable Diffusion
v1.5 (Rombach et al., 2022). The parameter counts of LoRA are computed based on the rank and
alpha values provided in Table 7.

C.3 TRAJECTORY SIMILARITY

We randomly sample N trajectories from those generated by Algorithm 2. To standardize their
initial positions, we subtract the sampling origin so that all trajectories share a common starting
point. The resulting set of trajectories is denoted as X0, X1, . . . , XN , where each Xi ∈ RT×D

represents a trajectory of T time steps in a D-dimensional space. Taking X0 as the reference, we
align each Xi (i ≥ 1) to X0 via a rigid rotation Ri in D dimensions:
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Table 7: Experiment settings used in the main text. ∗: We force a batch size of 128 by accumulating
the gradient for 32 rounds.

Hyperparameter CIFAR10 FFHQ ImageNet64 LSUN-Bedroom Stable Diffusion

Trajectory count 5K 7K 5K 5K 3K
Teahcer solver DPM-Solver++(3M) DPM-Solver++(3M) DPM-Solver++(3M) DPM-Solver++(3M) DPM-Solver++(2M)
Learning rate 5e-5 5e-5 5e-5 5e-5 1e-5
Optimizer AdamW AdamW AdamW AdamW AdamW
Loss metric L1 L1 L1 L1 L1
Rank 16 16 16 32 64
Alpha 16 8 8 32 64
Batch size 128 128 32 8 4∗

Number of GPUs 1 1 1 1 1

Table 8: The sizes of pre-trained model, LoRA, and TrajP.

Model CIFAR10 FFHQ ImageNet64 LSUN-Bedroom Stable Diffusion

Pre-trained model 230.4MB 256.6MB 1,236.3MB 1,304.8MB 4,173.7 MB
LoRA 7.17MB 8.65MB 18.94MB 54.31MB 112.99MB
TrajP 0.43MB 0.43MB 0.43MB 0.43MB 0.44MB

Ri = argmin
Ri∈SO(D)

∥RiX
⊤
i −X⊤

0 ∥22,

X ′
i = (RiX

⊤
i )⊤,

(20)

where X ′
i ∈ RT×D denotes the aligned trajectory. Next, we perform PCA-based dimensionality

reduction on X0. First, we center the reference trajectory:

X̃0 = X0 − 1T X̄0, (21)

where X̄0 is the mean vector over time steps. The covariance matrix is then computed as:

ΣX̃0
=

1

T − 1
X̃⊤

0 X̃0. (22)

Eigenvalue decomposition of ΣX̃0
gives:

ΣX̃0P = PΛ, (23)

where P = [PC1, PC2, . . . , PCD] contains the principal components and Λ =
diag(λ1, λ2, . . . , λD) is the diagonal eigenvalue matrix. Taking the top three principal components
P = [PC1, PC2, PC3], we project the centered reference trajectory as:

Y0 = [U0, V0,W0] = X̃0P. (24)

Similarly, the projections of Xi and X ′
i onto the same principal components are:

Yi = [Ui, Vi,Wi] = XiP,

Y ′
i = [U ′

i , V
′
i ,W

′
i ] = X ′

iP.
(25)

We visualize Yi and Y ′
i in R3 (Figure 7) and compute L1 distances at corresponding time steps (Ta-

ble 9). The results confirm that, after alignment and projection onto the same principal components,
all trajectories preserve similar reduced-dimensional coordinates. This demonstrates that the diffu-
sion trajectories maintain structural similarity both in the original high-dimensional space and in the
reduced three-dimensional space.
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(b) FFHQ 64×64
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(c) ImageNet 64×64

Figure 7: Set N = 4, and perform trajectory visualization before and after alignment on CIFAR10
32×32 (Krizhevsky & Hinton, 2009), FFHQ 64×64 (Karras et al., 2019), and ImageNet 64×64 (Deng
et al., 2009).

Table 9: The L1 distance between the trajectories before and after alignment and the target alignment
trajectory.

CIFAR10 32×32 FFHQ 64×64 ImageNet 64×64

Origin distance 95.29 94.79 94.74
Aligned distance 0.82 0.32 0.32

C.4 TRAJECTORY FITTING

We report the parameter values for the initialization and iterative optimization of the trajectory fitting
function in Tables 10-11, respectively. Among them, the initialization parameters are obtained by
fitting one sampling trajectory in 3D space, and the parameters for iterative optimization are obtained
by minimizing the L2 loss between the trajectory fitting function and 64 sampling trajectories in 3D
space. The real sampling trajectories and the trajectories of the fitting function are visualized in
Figures 8-9.

(a) CIFAR10 32×32 (b) FFHQ 64×64 (c) LSUN-Bedroom 256×256

Figure 8: The 3D sampling trajectories on CIFAR10 32×32 (Krizhevsky & Hinton, 2009), FFHQ
32×32 (Karras et al., 2019), and LSUN-Bedroom 256×256 (Yu et al., 2015).

(a) CIFAR10 32×32 (b) FFHQ 64×64 (c) LSUN-Bedroom 256×256

Figure 9: The fitted 3D sampling trajectories (bolded with color gradients) on CIFAR10
32×32 (Krizhevsky & Hinton, 2009), FFHQ 32×32 (Karras et al., 2019), and LSUN-Bedroom
256×256 (Yu et al., 2015).
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Table 10: Initial values of trajectory parameters for different datasets (4 decimal places retained).

Dataset P (Quadratic Coefficients) Q (Linear Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) -0.0070 0.0016 -0.0493 -59.8158 -0.2034 -58.7852
FFHQ 64×64 (Karras et al., 2019) -0.0524 0.0012 0.0017 -137.6131 -0.1625 -0.2120
ImageNet 64×64 (Deng et al., 2009) -0.0518 0.0020 0.0026 -137.6131 -0.2742 -0.3307
LSUN-Bedroom 256×256 (Yu et al., 2015) -0.6811 0.0022 -0.3466 -810.3361 -0.3022 -409.4982
MS-COCO 512×512 (Lin et al., 2014) -459.1779 -17.7515 -2.7182 42514.7574 -1905.9572 -4.7869

Dataset R (Constant Terms) A (Exponential Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 2811.5302 6.3434 -38092.3923 1642.0989 23.2146 38090.8012
FFHQ 64×64 (Karras et al., 2019) 184.0770 5.5703 6.6254 8680.5633 49.7301 -12.7075
ImageNet 64×64 (Deng et al., 2009) 381.9386 9.3447 10.4323 8482.7340 49.1384 -16.5279
LSUN-Bedroom 256×256 (Yu et al., 2015) -397728.4850 10.3464 -264142.0770 406917.7000 55.3313 264126.9000
MS-COCO 512×512 (Lin et al., 2014) -434322.0130 -118349.6330 -163.9738 436148.1070 118374.6260 165.0992

Dataset λ (Exponential Parameters) Gf (Gamma Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 0.0026 -0.2468 0.0015 1.7123 1.3418 3.0624
FFHQ 64×64 (Karras et al., 2019) 0.0031 -0.1699 -0.2886 7.9330 -4.5161 9.9211
ImageNet 64×64 (Deng et al., 2009) 0.0032 -0.1596 -0.2983 7.7655 -4.6567 9.2557
LSUN-Bedroom 256×256 (Yu et al., 2015) 0.0017 -0.2404 0.0016 87.2055 -5.6255 19.9333
MS-COCO 512×512 (Lin et al., 2014) 0.0227 0.0162 0.1093 -52503.2025 65.9068 32.8175

Dataset Gg (Gamma Exponents) Gh (Gamma Divisors)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 0.3657 1.6640 0.8402 20.4928 0.5291 6.4688
FFHQ 64×64 (Karras et al., 2019) 0.3023 1.0018 0.8709 12.8904 2.9322 3.2643
ImageNet 64×64 (Deng et al., 2009) 0.3054 0.8771 0.8231 12.6909 3.4160 3.0917
LSUN-Bedroom 256×256 (Yu et al., 2015) 0.1979 1.9883 0.6881 13.8540 1.2268 5.5515
MS-COCO 512×512 (Lin et al., 2014) 1.0005 0.0085 1.8809 148.6493 2.0657 0.6105

Table 11: Learned values of trajectory parameters for different datasets (4 decimal places retained).

Dataset P (Quadratic Coefficients) Q (Linear Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) -0.0070 0.0016 -0.0493 -59.8158 -0.2034 -58.7852
FFHQ 64×64 (Karras et al., 2019) -0.0471 0.0013 0.0018 -137.6131 -0.1685 -0.2197
ImageNet 64×64 (Deng et al., 2009) -0.0474 0.0021 0.0026 -137.6131 -0.2814 -0.3385
LSUN-Bedroom 256×256 (Yu et al., 2015) -0.6773 0.0023 -0.3468 -810.3361 -0.3098 -409.4982
MS-COCO 512×512 (Lin et al., 2014) -459.1779 -17.6980 -2.7238 42514.7580 -1905.9572 -4.8550

Dataset R (Constant Terms) A (Exponential Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 2811.5303 6.3434 -38092.3910 1642.0989 23.2146 38090.8010
FFHQ 64×64 (Karras et al., 2019) 184.0770 5.5626 6.6178 8680.5630 49.7302 -12.6922
ImageNet 64×64 (Deng et al., 2009) 381.9386 9.3294 10.4238 8482.7340 49.1384 -16.5279
LSUN-Bedroom 256×256 (Yu et al., 2015) -397728.5000 10.3312 -264142.0600 406917.6900 55.3313 264126.9100
MS-COCO 512×512 (Lin et al., 2014) -434322.0000 -118349.6300 -163.9738 436148.0940 118374.6250 165.0992

Dataset λ (Exponential Parameters) Gf (Gamma Coefficients)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 0.0025 -0.2467 0.0015 1.7123 1.3418 3.0624
FFHQ 64×64 (Karras et al., 2019) 0.0031 -0.1777 -0.2805 7.9254 -4.5238 9.9058
ImageNet 64×64 (Deng et al., 2009) 0.0032 -0.1674 -0.2903 7.7579 -4.6643 9.2405
LSUN-Bedroom 256×256 (Yu et al., 2015) 0.0017 -0.2483 0.0016 87.2055 -5.6331 19.9333
MS-COCO 512×512 (Lin et al., 2014) 0.0227 0.0162 0.1092 -52503.2030 65.9095 32.7336

Dataset Gg (Gamma Exponents) Gh (Gamma Divisors)
Dim 1 Dim 2 Dim 3 Dim 1 Dim 2 Dim 3

CIFAR10 32×32 (Krizhevsky & Hinton, 2009) 0.3657 1.6640 0.8402 20.4928 0.5291 6.4688
FFHQ 64×64 (Karras et al., 2019) 0.2964 1.0014 0.8633 12.8904 2.9398 3.2567
ImageNet 64×64 (Deng et al., 2009) 0.3020 0.8834 0.8155 12.6910 3.4236 3.0841
LSUN-Bedroom 256×256 (Yu et al., 2015) 0.1941 1.9959 0.6913 13.8540 1.2345 5.5522
MS-COCO 512×512 (Lin et al., 2014) 1.0004 -0.0341 1.9873 148.6493 2.0799 0.5643

D ADDITIONAL EXPERIMENT RESULTS

We report the FID results of TrajP-L under different NFE on FFHQ 64×64 (Karras et al., 2019),
ImageNet 64×64 (Deng et al., 2009), and LSUN-Bedroom 256×256 (Yu et al., 2015) in Tables 12-14.
For CIFAR10 32×32 (Krizhevsky & Hinton, 2009), the experimental results are shown in Table 1.
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Table 12: Experimental results of FID↓ on FFHQ 64×64 (Karras et al., 2019).

Method NFE
2 3 4 5 6

Training-Free
DDIM (Song et al., 2020a) 104.99 78.03 57.44 43.85 29.42
EDM (Karras et al., 2022) 466.92 356.27 344.60 116.78 142.43
DPM-Solver-2 (Lu et al., 2022) 337.31 266.11 237.98 87.38 82.91
iPNDM (Liu et al., 2022) 102.77 45.96 28.36 17.14 10.03
DEIS (Zhang & Chen, 2022) 105.06 54.55 28.36 17.46 12.33
DPM-Solver++(3M) (Lu et al., 2025) 112.86 86.20 45.81 22.54 13.80
UniPC (Zhao et al., 2023) 114.46 86.17 44.68 21.44 12.93

Training-Based
AMED-Solver (Zhou et al., 2024a) 379.29 48.63 25.83 15.41 10.83
EPD-Solver (Zhu et al., 2025) 323.89 21.72 14.54 7.76 6.49
TrajP-L (ours) 6.83 5.46 4.84 4.17 4.15

Table 13: Experimental results of FID↓ on ImageNet 64×64 (Deng et al., 2009).

Method NFE
2 3 4 5 6

Training-Free
DDIM (Song et al., 2020a) 113.87 82.90 58.28 43.48 33.84
EDM (Karras et al., 2022) 438.73 246.90 249.4 91.66 89.49
DPM-Solver-2 (Lu et al., 2022) 247.16 140.18 129.28 42.12 43.19
iPNDM (Liu et al., 2022) 110.20 58.29 33.47 18.82 12.77
DEIS (Zhang & Chen, 2022) 110.22 44.59 23.43 14.65 10.46
DPM-Solver++(3M) (Lu et al., 2025) 143.31 91.25 56.08 25.24 14.92
UniPC (Zhao et al., 2023) 146.43 91.11 55.34 24.12 14.16

Training-Based
AMED-Solver (Zhou et al., 2024a) 219.06 39.66 37.60 11.55 11.67
EPD-Solver (Zhu et al., 2025) 130.97 18.11 18.76 6.34 7.76
TrajP-L (ours) 11.84 6.68 5.29 4.41 4.14

D.1 ADDITIONAL ABLATION STUDY RESULTS

Table 15 presents the LoRA’s rank and alpha search results on CIFAR10 32×32 (Krizhevsky &
Hinton, 2009) with 5K trajectories. The bold values in Table 15 represent the optimal FID results
under each NFE: For instance, the minimum FID at NFE=2 is 4.62 (Rank=24, Alpha=36). Notably,
Table 15 shows that the optimal FID results under different NFE are relatively scattered—these op-
timal results are not concentrated in a single fixed combination of LoRA rank and alpha parameters,
but instead correspond to different parameter pairings. This phenomenon indicates that our method
exhibits good robustness to the rank and alpha parameters of LoRA, meaning it can still achieve
excellent performance under different NFE conditions without strictly relying on specific parameter
combinations.

Table 16 presents the ablation experiments of TrajP-L on CIFAR10 32×32 (Krizhevsky & Hinton,
2009), FFHQ 64×64 (Karras et al., 2019), ImageNet 64×64 (Deng et al., 2009), and LSUN-Bedroom
256×256 (Yu et al., 2015) with different numbers of trajectories (1K, 3K, 5K, 7K). The results show
that increasing the number of trajectories can improve the performance of TrajP-L to a certain extent;
however, after the number of trajectories reaches a threshold, performance degradation may occur
under some NFE. For example, on CIFAR10 32×32 (Krizhevsky & Hinton, 2009), when the number
of trajectories increases from 3K to 5K, the FID results for NFE=2 and NFE=3 both decrease; when
the number of trajectories further increases from 5K to 7K, the FID results under all NFE decrease.

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2026

Table 14: Experimental results of FID↓ on LSUN-Bedroom 256×256 (Yu et al., 2015).

Method NFE
2 3 4 5 6

Training-Free
DDIM (Song et al., 2020a) 233.83 130.59 70.51 40.92 25.94
EDM (Karras et al., 2022) 371.62 266.87 267.33 157.42 150.22
DPM-Solver-2 (Lu et al., 2022) 267.63 198.34 177.32 68.42 61.65
iPNDM (Liu et al., 2022) 180.52 41.99 10.57 6.70 5.31
DEIS (Zhang & Chen, 2022) 190.51 48.38 10.98 7.29 6.32
DPM-Solver++(3M) (Lu et al., 2025) 175.18 115.65 48.49 20.28 9.94
UniPC (Zhao et al., 2023) 254.62 291.88 122.30 27.83 7.97

Training-Based
AMED-Solver (Zhou et al., 2024a) 291.73 27.43 29.72 10.76 14.56
EPD-Solver (Zhu et al., 2025) 162.57 13.23 9.46 7.56 6.21
TrajP-L (ours) 9.88 6.63 5.27 4.52 4.42

Table 15: Ablation study of LoRA’s rank and alpha on CIFAR10 32×32 (Krizhevsky & Hinton,
2009) with 5K trajectories based on FID↓.

Rank Alpha
NFE

2 3 4 5 6

8
4 6.22 4.59 3.78 4.14 3.27
8 5.11 4.22 3.77 5.02 3.04

12 5.19 3.97 3.91 3.55 3.21

16
8 5.18 5.10 3.85 3.62 3.27

16 5.02 3.91 3.54 3.34 3.09
24 5.44 4.34 3.43 3.31 3.05

24
12 5.07 4.30 4.02 3.40 3.29
24 4.84 4.18 3.65 3.42 3.10
36 4.62 4.21 3.46 3.25 3.17

To further evaluate the fidelity and diversity of TrajP-L, we calculated precision, recall, density,
and coverage under different NFE on the CIFAR10 32×32 (Krizhevsky & Hinton, 2009), following
the guidelines in Naeem et al. (2020); results are presented in Table 17. Compared with solver-
based methods, TrajP-L achieves significant acceleration in image generation while still maintaining
comparable fidelity and diversity.
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Table 16: Ablation study of TrajP-L on CIFAR10 32×32 (Krizhevsky & Hinton, 2009), FFHQ
64×64 (Karras et al., 2019), ImageNet 64×64 (Deng et al., 2009) and LSUN-Bedroom 256×256 (Yu
et al., 2015) across different trajectory counts based on FID↓.

Dataset Traj. Count NFE
2 3 4 5 6

CIFAR10 32×32 (Krizhevsky & Hinton, 2009)

1K 7.12 4.31 6.56 4.27 3.68
3K 6.02 4.03 3.49 3.21 3.09
5K 5.02 3.91 3.54 3.34 3.09
7K 5.30 4.31 3.71 3.46 3.41

FFHQ 64×64 (Karras et al., 2019)

1K 8.63 7.38 5.65 4.72 5.45
3K 7.22 5.61 5.22 4.38 4.30
5K 7.45 5.82 4.84 4.37 3.80
7K 6.83 5.46 4.84 4.17 4.15

ImageNet 64×64 (Deng et al., 2009)

1K 15.50 9.72 7.35 5.39 5.30
3K 11.67 7.87 5.77 5.15 4.83
5K 11.84 6.68 5.29 4.41 4.14
7K 11.80 6.97 5.11 4.69 3.97

LSUN-Bedroom 256×256 (Yu et al., 2015)

1K 11.23 7.22 6.10 5.67 6.64
3K 9.59 6.15 5.31 4.69 4.72
5K 9.88 6.63 5.27 4.52 4.42
7K 8.53 6.14 5.50 5.11 4.46

Table 17: Evaluation on fidelity and diversity on CIFAR10 32×32 (Krizhevsky & Hinton, 2009).†We
directly borrowed the results reported by (Zhou et al., 2024b).

Method NFE FID Precision Recall Density Coverage

TrajP-L (ours)

2 5.02 0.76 0.69 1.03 0.92
3 3.91 0.78 0.70 1.07 0.93
4 3.54 0.78 0.69 1.11 0.94
5 3.34 0.79 0.70 1.12 0.94
6 3.09 0.78 0.70 1.16 0.95

†DPM-Solver++(3M) (Lu et al., 2025)

11 3.93 0.76 0.71 1.04 0.94
15 2.64 0.76 0.73 1.03 0.95
19 2.54 0.77 0.72 1.04 0.96
23 2.65 0.77 0.72 1.05 0.96
50 2.01 0.78 0.72 1.11 0.96

†DDIM (Song et al., 2020a) 50 2.91 0.79 0.71 1.09 0.95
†EDM (Karras et al., 2022) 50 1.96 0.79 0.72 1.10 0.96

D.2 ADDITIONAL VISUALIZE STUDY RESULTS

Additional visual results for NFE = 2 and 6 on CIFAR10 32×32 (Krizhevsky & Hinton, 2009) and
ImageNet 64×64 (Deng et al., 2009) are presented in Figure 10 and Figure 12, respectively; for
FFHQ 64×64 (Karras et al., 2019) and LSUN-Bedroom 256×256 (Yu et al., 2015) datasets, those
with NFE = 3 and 6 are shown in Figure 11 and Figure 13, respectively. Extra visual sampling
results using Stable Diffusion v1.5 (Rombach et al., 2022) are displayed in Figure 14. These visual
results demonstrate that TrajP-L can generate higher-quality samples with richer details in fewer
steps compared to corresponding baseline methods.
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NFE = 2

FID = 169.50

NFE = 6

FID = 35.83
(a) DDIM (Ho et al., 2020)

NFE = 2

FID = 154.24

NFE = 6

FID = 7.28
(b) iPNDM (Liu et al., 2022)

NFE = 2

FID = 5.02

NFE = 6

FID = 3.09
(c) TrajP-L (Ours)

Figure 10: Samples generated on the CIFAR10 32×32 (Krizhevsky & Hinton, 2009) using the
DDIM (Song et al., 2020a), iPNDM (Liu et al., 2022), and TrajP-L methods. All samples share
identical generation conditions, including the use of the same random seed, adoption of a polyno-
mial schedule time step with ρ = 7.0, and NFE set to 2 and 6, respectively.
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NFE = 3

FID = 78.03

NFE = 6

FID = 29.42
(a) DDIM (Ho et al., 2020)

NFE = 3

FID = 45.96

NFE = 6

FID = 10.03
(b) iPNDM (Liu et al., 2022)

NFE = 3

FID = 5.46

NFE = 6

FID = 4.15
(c) TrajP-L (Ours)

Figure 11: Samples generated on the FFHQ 64×64 (Karras et al., 2019) using the DDIM (Song et al.,
2020a), iPNDM (Liu et al., 2022), and TrajP-L methods. All samples share identical generation
conditions, including the use of the same random seed, adoption of a polynomial schedule time step
with ρ = 7.0, and NFE set to 3 and 6, respectively.
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NFE = 2

FID = 113.87

NFE = 6

FID = 33.84
(a) DDIM (Ho et al., 2020)

NFE = 2

FID = 110.20

NFE = 6

FID = 12.77
(b) iPNDM (Liu et al., 2022)

NFE = 2

FID = 11.84

NFE = 6

FID = 4.14
(c) TrajP-L (Ours)

Figure 12: Samples generated on the ImageNet 64×64 (Deng et al., 2009) using the DDIM (Song
et al., 2020a), iPNDM (Liu et al., 2022), and TrajP-L methods. All samples share identical genera-
tion conditions, including the use of the same random seed, adoption of a polynomial schedule time
step with ρ = 7.0, and NFE set to 2 and 6, respectively.

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

NFE = 3

FID = 130.59

NFE = 6

FID = 25.94
(a) DDIM (Ho et al., 2020)

NFE = 3

FID = 41.99

NFE = 6

FID = 5.31
(b) iPNDM (Liu et al., 2022)

NFE = 3

FID = 6.63

NFE = 6

FID = 4.42
(c) TrajP-L (Ours)

Figure 13: Samples generated on the LSUN-Bedroom 256×256 (Yu et al., 2015) using the
DDIM (Song et al., 2020a), iPNDM (Liu et al., 2022), and TrajP-L methods. All samples share
identical generation conditions, including the use of the same random seed, adoption of a uniform
schedule time step, and NFE set to 3 and 6, respectively.
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DDIM

DPM-Solver++
(2M) 

TrajP-L 

NFE = 8

Text Prompts (listed from left to right):
A close up of a cat on a rug on the ground.
A clownfish swam past the coral.
In the autumn park, the bench is covered with fallen leaves.
A white plate is filled with various fruits.
An erupting volcano, with the sky shrouded in dark clouds.

DDIM

DPM-Solver++
(2M) 

TrajP-L 

NFE = 16

Figure 14: Samples were generated via the Stable Diffusion v1.5 (Rombach et al., 2022) using three
methods: DDIM (Song et al., 2020a), DPM Solver++(2M) (Lu et al., 2025), and TrajP-L. All sam-
ples shared identical generation conditions, including a guiding scale of 7.5, the same random seed,
a uniform schedule time step, and NFE set to 8 and 16, respectively.

28



1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565

Under review as a conference paper at ICLR 2026

E LLM USAGE STATEMENT

For this work, we leveraged a Large Language Model (LLM) as an auxiliary tool to improve the
manuscript’s writing and aid in producing supplementary experimental code.
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