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Abstract. The substantial computational costs of di�usion models, es-
pecially due to the repeated denoising steps necessary for high-quality
image generation, present a major obstacle to their widespread adoption.
While several studies have attempted to address this issue by reducing
the number of score function evaluations (NFE) using advanced ODE
solvers without �ne-tuning, the decreased number of denoising iterations
misses the opportunity to update �ne details, resulting in noticeable
quality degradation. In our work, we introduce an advanced acceleration
technique that leverages the temporal redundancy inherent in di�usion
models. Reusing feature maps with high temporal similarity opens up a
new opportunity to save computation resources without compromising
output quality. To realize the practical bene�ts of this intuition, we con-
duct an extensive analysis and propose a novel method, FRDi�. FRDi�
is designed to harness the advantages of both reduced NFE and fea-
ture reuse, achieving a Pareto frontier that balances �delity and latency
trade-o�s in various generative tasks.
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1 Introduction

The di�usion model has gained attention for its high-quality and diverse im-
age generation capabilities [30,31,33,34]. Its outstanding quality and versatility
unlocked new potentials across various applications, including image restora-
tion [17, 43], image editing [3, 8, 32, 42, 44], conditional image synthesis [1, 7, 27,
45,47,49,50], and more. However, the substantial computation cost of the di�u-
sion model, particularly due to its dozens to hundreds of denoising steps, poses
a signi�cant obstacle to its widespread adoption. To fully harness the bene�ts
of di�usion models in practice, this performance drawback must be addressed.

Recently, many studies have proposed methods to mitigate the computational
burden of di�usion models. A representative approach involves a zero-shot sam-
pling method [18,39,41], which typically employs advanced ODE or SDE solvers
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capable of maintaining quality with a reduced number of score function evalu-
ations (NFE). While these methods demonstrate the potential for acceleration
without �ne-tuning, the performance improvement achievable within the accu-
racy margin is often insu�cient. On the other hand, another direction employs
learning-based sampling methods [19,26,35,40], applying �ne-tuning to preserve
generation quality with a reduced NFE. However, the requirement of �ne-tuning,
such as additional resources and a complex training pipeline, makes it challeng-
ing to use in practice. To realize performance bene�ts in practice with minimal

constraints, we need more advanced zero-shot methods with higher potential.

In this work, we focus on an important but overlooked aspect of the di�u-
sion models. Since they entail iterative denoising operations, the feature maps
within the di�usion models exhibit temporal redundancy. According to
our extensive analysis, speci�c modules within di�usion models show consider-
able similarity in their feature maps across adjacent frames. By reusing these
intermediate feature maps with higher temporal similarity, we can signi�cantly
reduce computation overhead while maintaining output quality. Building on this
insight, we propose a new optimization potential named feature reuse (FR).
However, the naive use of FR doesn't guarantee superior performance compared
to the conventional reduced NFE method. Our thorough experiments reveal that
FR has distinctive characteristics compared to reduced NFE methods, and both
methods can complement each other to maximize the bene�ts we can achieve.

Overall, we propose a comprehensive method named FRDi�, de-
signed to harness the strengths of both the reduced NFE and FR.
Speci�cally, we introduce a score mixing technique to generate high-quality out-
put with �ne details. Additionally, we design a simple auto-tuning, namedAuto-
FR, to optimize the hyperparameters of FR to maximize the outcome quality
within given constraints, such as latency. This approach can be applied to any
di�usion model without the need for �ne-tuning in existing frameworks with
minimal modi�cation. We conduct extensive experiments to validate the e�ec-
tiveness of FRDi� on various tasks in a zero-shot manner. We can achieve up
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to a 1.76x acceleration without compromising output quality across a range of
tasks, including a task-agnostic pretrained model for text-to-image generation, as
well as task-speci�c �ne-tuned models for super resolution and image inpainting.
Code is available at https://github.com/ECoLab-POSTECH/FRDiff.

2 Related Works

2.1 Di�usion Models

The di�usion model, introduced in [38], de�nes the forward di�usion process
by gradually adding Gaussian noise at each time step. Conversely, the reverse
process generates a clean image from random noise by gradually removing noise
from the data. In DDPM [10], the authors simpli�ed the di�usion process us-
ing a noise prediction network ϵθ(xt, t) and reparameterized the complex ELBO
loss [14] into a more straightforward noise matching loss. On a di�erent note, [41]
transforms the forward process of the di�usion model into a Stochastic Di�er-
ential Equation (SDE). More recently, Classi�er-Free Guidance (CFG) [11] has
been introduced to guide the score toward a speci�c condition c. In the CFG sam-
pling process, the score is represented as a linear combination of unconditional
and conditional scores.

Since FRDi� is formulated based on the temporal redundancy inherent in the
iterative di�usion process, it can be seamlessly integrated into all the previously
mentioned methods, providing bene�ts irrespective of their speci�c details.

2.2 Di�usion Model Optimization

To accelerate the generation of di�usion models, many studies have concentrated
on reducing NFE, which can be broadly categorized into two groups: zero-shot
sampling [12,18,20,21,39,46,51], applying optimization to the pre-trained model,
and learning-based sampling [19,22,26,35], involving an additional �ne-tuning.

Zero-shot sampling methods typically employ advanced Ordinary Di�erential
Equation (ODE) solvers capable of maintaining generation quality even with a
reduced NFE. For instance, DDIM [39] successfully reduced NFE by extending
the original DDPM to a non-Markovian setting and eliminating the stochas-
tic process. Furthermore, methods utilizing Pseudo Numerical methods [18],
Second-order methods [12], and Semi-Linear structures [20, 21] have been pro-
posed to achieve better performance. Learning-based sampling �netunes the
model to perform e�ectively with reduced NFE. For example, Progressive Dis-
tillation [35] distills a student model to achieve the same performance with half
the NFE. Recently, the consistency model [22, 40] successfully reduced NFE to
1-4 by predicting the trajectory of the ODE.

In addition, there are studies aimed at optimizing the backbone architec-
ture of the di�usion model. These studies involve proposing new di�usion model
structures [13,33], as well as lightweighting the model's operations through tech-
niques such as pruning [6], quantization [15,37], and attention acceleration [2].

https://github.com/ECoLab-POSTECH/FRDiff
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Fig. 2: Temporal Similarity Analysis of Di�usion Model: (a) Visualization of Interme-
diate Feature Maps During Inference. (b) Mean and Variance of Relative L1 Distance
Between Adjacent Time Steps.

In this work, we primarily focus on enhancing the bene�t of zero-shot model
optimization for di�usion models. However, it's important to note that the pro-
posed method could be applied in conjunction with other learning-based or back-
bone optimization studies.

3 Method

In this study, we introduce the idea of feature reuse (FR) as an innovative ap-
proach to expand the scope of model optimization for di�usion models. FR pos-
sesses distinct attributes compared to reduced NFE, enabling a synergistic e�ect
when used together. In this chapter, we will explain the motivations behind the
proposal of FR and discuss the expected advantages of this method.

3.1 Temporal Redundancy

Contemporary di�usion models often incorporate a series of blocks with a resid-
ual architecture. This design involves adding the layer's output to the input, as
generally formulated by the following equation:

yt
i = Fi(x

t
i, t) + xt

i. (1)

Here, i represents the index of layer, and F(·) denotes the layer function, x,y de-
note the input and output of the residual block, respectively, and t ∈ [1, 2, ..., T ]
denotes the time step. Please note that Eq.1 incorporates temporal informa-
tion as an input, allowing the model to be conditioned on time step. To generate
high-quality images, the score estimation network ϵ(xt, t) is repeatedly employed,
taking the noisy image xt at time step t as input and predicting the added noise.
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Fig. 3: Overview of our methods. (a) Feature Reuse (Eq. 5) (b) Auto-FR for Optimal
K Searching (Eq. 13) (c) Score Mixing (Eq. 8)

The function Fi(x
t
i, t) may take various forms depending on the architecture

of di�usion model. For instance, in [33], Fi(·) represents a convolutional layer or
a self-attention layer with U-net structure, while in [29], it resembles a ViT-like
Block. The detailed speci�cation of Fi(·) in various di�usion model is provided
in the Appendix.

In this paper, our primarily focus on the temporal behavior of di�usion model,
stemming from their repeated denoising operation. Speci�cally, we observe that
the temporal changes of di�usion model remains relatively small across most
time steps, regardless of the architecture and dataset. To aid the reader's com-
prehension, we o�er a quantitative measure of temporal change in ith layer of
di�usion model, as described by the following equation:

Ki(t, t
′) = Ex

[∥∥∥Fi(x
t, t)−Fi(x

t′ , t′)
∥∥∥
1

∆t

]
, (2)

where ∆t = ∥t− t′∥. In Fig 2(b), we showcase K(t, t+ 1) across di�erent layers
of SDXL [30] and DiT [29]. As depicted, the temporal di�erences are minimal
for the majority of time steps. We also provide visual evidence of this strong
similarity in Fig 2(a). This similar appearance suggests that di�usion models
may undergo redundant computations during the sampling process, indicating
ample room for optimization.

3.2 Feature Reuse

Expanding the earlier observation, we introduce a method to remove the unnec-
essary computations in the denoising process. Speci�cally, we store the results of
intermediate features from previous timesteps and reuse them in the subsequent
timesteps. While this idea is simple and intuitive, we analyze its e�ects in depth
and propose a novel approach to maximize the bene�ts we can derive.

First, we can decompose the computation of residual block into two parts:

Fi(x
t
i, t) = fi(Si(xt

i), t), (3)

where S(·) is the operation performed before considering temporal information.
Next, we de�ne the keyframe set K ⊆ {1, .., N}, which represents the set of
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timesteps where the entire layers are updated and feature maps are saved for
feature reusing. Here, N denotes the number of sampling steps for generation
(e.g., N = 50 in DDPM).

For keyframe timestep t ∈ K , The result of S(·) is stored in memory Mt
i for

future reuse. The remaining operation in residual block is performed normally.
This process can be expressed as follows:

Mt
i ← Si(xt

i),

yt
i = fi(M

t
i, t) + xt

i.
(4)

For non-keyframe timesteps t′ /∈ K, the computation of the S(·) is replaced
by the saved memory from the nearest early timestep t ∈ K, as follows:

yt′

i = fi(M
t
i, t

′) + xt′

i . (5)

Hence, by skipping the operations S(·), a signi�cant amount of computation can
be saved, as illustrated in Fig. 3 (a). Moreover, since the sequential denoising
operation of the di�usion model typically progresses from t = 1 to N , feature
reuse can be implemented with a single memory Mi for each layer. An important
point to note is that the temporal information is updated while S(·) is
reused. This allows the time-conditioned information to propagate through the
residual path, enabling the di�usion model to be conditioned on the correct time
step. Because this feature reuse scheme is highly �exible, it can be applied to any
di�usion model architecture that utilizes skip connection, including both U-Net
and di�usion transformer architectures.

3.3 Analysis: the e�ect of K selection

The generation quality and acceleration e�ect of FR can vary signi�cantly de-
pending on the appropriate keyframe set. In this section, we analyze the e�ect
of keyframe set selection using heuristic design. The simplest way to construct a
keyframe set is to compose it as a collection of timesteps with uniform intervals.
This Kuniform is de�ned as follows:

KM
uniform = {t ∈ N | t mod M = 0, t ≤ N} (6)

where the FR interval M represents how long the saved data will be reused.

Acceleration with Feature Reuse Because we only reuse a portion of the
Residual block, we need to validate whether this method can indeed o�er prac-
tical advantages. Therefore, we conducted a comprehensive analysis to evaluate
the latency with FR on a real device (Gefore RTX 3090).

In Fig. 4, we depict the latency pro�les of individual blocks within two dif-
ferent di�usion model architectures: U-Net(SDXL [30]) and DiT [29]. In the case
of U-Net, the transformer block accounts for a larger portion of the execution
cycle. This is primarily due to the spatial self-attention layer for high resolution
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Fig. 4: Detailed Analysis of Skippable Latency by Feature Reusing (FR) Technique for
(a) SDXL (U-Net) and (b) DiT (Di�usion Transformer). (c) Speed-Up of FR Regarding
FR Interval.

features. In the case of DiT, almost every block shows the same latency because
it has consistent dimensions for every layer. For both architectures, we can save
latency of approximately 92 percent and 68 percent, respectively, with FR.

In Fig. 4(c), we measured the actual acceleration of FR against the FR inter-
val. We use N = 50 in this experiment. As shown in the �gure, because there are
parts that are not skipped, the speed up saturates as the FR interval increases.
However, even a small FR interval, e.g., 2 to 3, o�ers notable improvement.

Output Quality with Feature Reuse As explained in the previous section,
FR could provide advantages in terms of both performance and quality. However,
there are other acceleration methods such as the reduced NFE, so the adoption of
FR should be justi�ed by the distinctive advantages of FR over the reduced NFE.
In this section, we will elucidate the unique bene�ts of FR we have discovered.

First, we explain the relation between the reduced NFE and FR. If we con-
sider the very coarse-grained form of FR, which is reusing the entire output of
the di�usion model ϵ(x, t), it is equivalent to the case of the reduced NFE. In-
deed, FR is the �ne-grained skipping in layer-wise granularity while the reduced
NFE is the coarse-grained skipping in network-wise granularity. We provide a
detailed interpretation of it for the DDIM case in the appendix.

Intuitively, because the reduced NFE skips more computation than FR, this
should generate more degraded output. However, we observe interesting patterns
in terms of frequency response. In Fig. 5, we depict the Power Spectral Density
(PSD) analysis of generated images of the reduced NFE and FR. In the reduced
NFE, the skip interval is increased from 1 to 10 while the FR interval ranges
from 1 to 10 in FR. As shown in the �gure, (a) the reduced NFE loses many high-
frequency components while preserving the low-frequency area well. Meanwhile,
(b) FR loses more low-frequency components while better preserving the high-
frequency components. Please check the appendix for the visual comparison.

Our empirical �ndings suggest that FR is not consistently better than the
reduced NFE; they possess distinct strengths and weaknesses. At this point, we
need to pay attention to the recent �ndings on the generation characteristics.
Recent studies [4, 6, 24, 48] have shown that in the early denoising stages, the
model mainly generates coarse-grained low-frequency components. In contrast,
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(a) Reduced NFE (b) Feature Reuse (c) Score Mixing

Fig. 5: Power Spectral Density (PSD) of Generated Image: (a) Reduced NFE, (b)
Naive Feature Reuse, and (c) The Proposed Idea, Score Mixing

during the later stages, it predominantly generates �ne-grained high-frequency
components. Therefore, by combining these operational characteristics with our
observations, we devised a strategy that primarily employs the reduced
NFE in the initial stages to generate coarse-grained structure and
then switches to FR in the later stages to retain �ne-grained details.

3.4 Score Mixing

Uni�ed view of FR and the reduced NFE : Score mixing To integrate the
two methods, we introduce an additional heuristic called �score mixing�. Instead
of just switching from the reduced NFE to FR, we propose to use mixture of the
output of this two method. Speci�cally, at t ∈ K, we also save the output of the
model ϵ(xt, t) to memory,

Et ← ϵ(xt, t) (7)

Then, we employ a linear interpolation of the score estimated by FR and output
from previous keyframe, controlled by mixing schedule λ(t). This modi�ed score
is inputted into the next iteration step of di�usion model.

ϵ(xt′ , t
′)← λ(t′) ∗ ϵ(xt′ , t

′) + (1− λ(t′)) ∗ Et (8)

λ(t) = max(0,min(1, (τ ∗ ((t/N)− b) + 2)/4)). (9)

While any increasing function can be used for λ(t), we use the hard sigmoid

function. By using this λ(t), we can skip the computation of the FR score when
λ(t) = 0. In the case of conditional sampling (CFG), we simply mix the condi-
tional score in the same way as the unconditional score, using the same λ.

In Eq. 9, τ is the temperature that controls the switching speed of the sched-
ule, and b is the bias that controls the phase transition point of the schedule.
We empirically determine the optimal values as τ = 30 and b = 0.5 and use
these values throughout the rest of the paper. In Fig.5.(c), we depict the PSD
analysis of the generated image using our score mixing. As shown in the �gure,
this exhibits the preservation of low and high frequencies compared to FR and
the reduced NFE.
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3.5 Auto-tuning for FR interval: Auto-FR

With score mixing, FR is used when λ(t) > 0. To maximize the bene�t of FR,
we propose an automated search called Auto-FR to �nd the optimal K. In
this approach, we apply a timestep-wise learnable parameter αt = sigmoid(θt)
with a hard gating mechanism update. It's important to note that the network
parameters are frozen and training-free; only the gating parameters are updated.
The forward path of the residual block is computed as follows:

α∗
t = ⌊αt⌉+ αt − stopgrad(αt), (10)

Mi ← α∗
t · Si(xt

i) + (1− α∗
t ) ·Mi. yt

i = fi(Mi, t) + xt
i (11)

Likewise, the forward path of score mixing is computed with gate parameter :

E← α∗
t · ϵ(xt, t) + (1− α∗

t ) ·E. ϵ(xt, t) = λ(t) ∗ ϵ(xt, t) + (1− λ(t)) ∗E
(12)

With this scheme, we can safely simulate and di�erentiate through the sam-
pling process of FR if t = 0 → N . We update θt using gradient descent with
straight-through estimation to minimize the following loss function L(·):

L(θ) = Ex

[∥∥xGT − ODE-Solve(x0;N, θ)
∥∥
2

]
+ λ ∗ Lcost(θ) (13)

Here, xGT is the ground-truth sample generated from noise x0, ODE-Solve is a
di�erentiable ODE Solver (e.g., DDIM), Lcost is the latency cost of FR, and λ is
the balancing parameter that e�ectively controls the trade-o� between latency
and �delity. The detailed training recipe is provided in the appendix. In short,
the reuse policy is trained to maximize quality while minimizing the computation
cost of the sampling process.

Finally, the keyframe set is determined from the trained θ∗:

Kλ
search = {t ∈ N |θ∗t ≥ 0, 0 ≤ t ≤ N}. (14)

Our �nal solution, FRDi�, is the mixture of score mixing and Auto-
FR, designed to leverage the bene�ts of the reduced NFE and FR with minimal
human intervention.

4 Experiments

4.1 Experiments Setup

To validate the e�ectiveness of our proposed idea, we assessed its e�cacy across
various existing di�usion models, including pixel-space (CIFAR-10) [10], latent
di�usion model (LDM) [33], and Di�usion Transformer (DiT) [29]. Our inten-
tional choice of diverse models aimed to demonstrate the versatility of the pro-
posed idea. For example, the pixel-space model and LDM utilize a U-net struc-
ture, while DiT employs the di�usion transformer instead of U-net. Our method
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Fig. 6: Qualitative Comparison of FRDi�. Best viewed zoomed-in. (left) Ours (middle)
DDIM 50 step baseline (right) DDIM 30 step. Our FRDi� up to 1.76x faster than the
baseline, DDIM 50.

Table 1: Quantitative Results of FRDi�.

Model NFE FRDi� Latency(s)↓ Speed-up↑ FID↓

CIFAR-10 [10]
50 0.836 1.00x 4.03
30 0.495 1.68x 5.01

50 ! 0.491 1.70x 4.64

LDM-CelebA [33]
50 1.317 1.00x 6.0
30 0.763 1.72x 7.22

50 ! 0.748 1.76x 6.33

SD v1.4 [33]
30 4.657 1.00x 6.32
20 3.027 1.53x 8.41

30 ! 2.947 1.58x 6.86

SDXL [30]
30 8.810 1.00x 7.41
20 6.033 1.46x 9.46

30 ! 5.491 1.60x 9.28

DiT-256 [29]
30 0.763 1.00x 14.76
20 0.515 1.48x 17.69

30 ! 0.463 1.64x 16.71

is designed to be applicable across all these model architectures. We obtained
pretrained weights from the o�cial repository for all models except for the pixel-
space model (CIFAR-10).

For evaluation, we conducted both qualitative and quantitative experiments.
In the qualitative assessment, we compared our generated images against the
baseline images produced by DDIM with 50 steps [39] in terms of �delity and
latency, as shown in Fig. 6. For quantitative evaluation, we measured the Fréchet
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Inception Distance (FID) [9] for Stable Di�usion(SD) [33] and SDXL [30] using
5k samples in MS-COCO [16] and for DiT using 10k samples in ImageNet [5].
We also measure the speedup compared to the DDIM baseline, as summarized
in Table 1. All experiments were conducted on a GPU server equipped with an
NVIDIA GeForce RTX 3090, and latency measurements were performed using
PyTorch [28] with a batch size of 1 on a GeForce RTX 3090.

Qualitative Analysis In Fig 6, we present a comparison of image generation
results using various di�usion models: SDXL [30], Stable Di�usion (SD) [33],
and DiT-256 [29]. For comparison, we depict the baseline image (middle; DDIM
with 50 steps), Our method (left; baseline + FRDi�), and DDIM with 30 steps,
as fast as ours (right). As shown in the �gure, Our method (left) can accelerate
the baseline (middle) without quality degradation, while DDIM with reduced
NFE (right) shows severe quality degradation, exhibiting notable artifacts. Our
method can safely accelerate the di�usion sampling process up to 1.76x (average
1.62x) regardless of architecture and dataset.

Quantitative Analysis In table 1, we also measured the FID score and relative
speedup of baseline(DDIM 50), Ours(DDIM 50 + FRDi�), and the reduced NFE
as fast as ours (DDIM 30) in various di�usion models. As shown in table, ours
demonstrate superior performance than DDIM in terms of both latency and
�delity, regardless of dataset and architecture. For a more detailed analysis,
please refer to the Pareto-line analysis, presented in Sec. 4.3 and Fig. 7.

4.2 Comparison with Existing Methods

In Table 2, we compare our method with several recently developed fast sam-
pling methods for di�usion models. Speci�cally, we categorize these methods into
three types: distillation-based methods [23, 36], advanced ODE solvers [39, 52],
and other training-free acceleration methods [25], which enable zero-shot ac-
celeration. For distillation-based methods, although they achieve extremely low
latency, their FID scores are relatively large, limiting their utility in cases where
image quality is paramount. Additionally, the substantial training costs asso-
ciated with these methods pose a signi�cant barrier to widespread adoption.
Next, we compare our method with recently proposed fast ODE solvers such
as DDIM [39] and DPM-Solver++ [52]. Our method demonstrates a smaller
quality degradation compared to these recent ODE solvers, leveraging the un-
explored potential of di�usion acceleration enabled by FR. Finally, we compare
our method with DeepCache [25], which also aims to accelerate the denoising
process through feature caching. DeepCache saves intermediate activations in
a depth-wise, coarse-grained manner. However, our FRDi� exhibits a better
latency-tradeo� than DeepCache due to its �ne-grained feature utilization and
judicious design with score mixing and Auto-FR. Moreover, it's worth noting
that while DeepCache's feature reusing scheme relies on UNet architecture, our
method is applicable to any architecture that has a residual structure.
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Table 2: Comparison of Existing Di�usion Acceleration Methods.

Method NFE Latency↓ Retrain FID↓

SDXL-Turbo [36] 4 0.731 ! 22.58

LCM [23] 1 0.171 ! 42.53

DDIM [39]
30 4.654 % 6.31

20 3.078 % 8.45

DPM-Solver++ [52] 20 3.075 % 6.63

DeepCache [25] 50 5.027 % 6.34

Ours (M=2) 50 4.183 % 6.40

Ours (M=3) 50 3.117 % 7.60

Ours (M=2) 40 3.333 % 7.24

Ours (M=2) 30 2.492 % 7.83

Ours w/ AutoFR 35 2.914 0.1h 6.20
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Fig. 7: Pareto-line Comparison of the reduced NFE vs FRDi�

4.3 Ablation Study

reducing NFE vs FR In this section, we visualize the e�ect of changing the
NFE and FR Interval (M) on SDXL [30] in Fig. 9. As depicted, reducing the NFE
leads to a rapid degradation in performance, whereas reducing the Keyframe
ratio maintains performance relatively well. Although FR incurs slightly more
computation than reduced NFE, it o�ers new opportunities in the quality-latency
trade-o�.

To explore the trade-o� relationship in detail, we draw Pareto lines in terms
of latency and FID. In this experiment, the blue solid line represents the DDIM
results with only reduced NFE. Meanwhile, our method adjusts both NFE and
FR interval simultaneously; each line represents the corresponding reduced NFE,
while the data point is added by increasing the FR interval gradually. As shown
in the �gure, adjusting both the keyframe ratio and NFE (Ours) clearly shows
better Pareto fronts than DDIM. Furthermore, in Fig. 7, we depict the points
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Fig. 8: Impact of Bias Value on FID in Score Mixing.

Table 3: Memory
Overhead

Model Size (MB)

CIFAR-10 5.4
LDM-4 44.4
SD v1.4 180.0
SDXL 530.0
DiT-512 252.0

obtained by Auto-FR as ⋆ with di�erent cost objectives. These points exhibit
superior latency-FID Pareto fronts, illustrating the bene�ts of autoML-based
optimization. We provide a detailed training recipe and trained keyframe sets of
these points in the appendix. Our Auto-FR can �nd an optimal FR policy with
minimal training costs, enabling us to exploit the bene�ts of FR with minimal
human intervention.

Score Mixing In Eq. 9, the bias b determines the transition point from the
reduced NFE for low-frequency components to FR for high-frequency ones. To
understand the impact of this bias on generation performance, we swept the
bias from 0.3 to 0.8 and measured the FID score, as shown in Fig. 8. The �gure
illustrates that the optimal FID is achieved when the bias is around 0.4 to 0.5,
indicating that the mixture of the reduced NFE and FR is de�nitely helpful
in improving accuracy, with the advantageous interval being approximately half
and half. Based on this observation, we empirically set b = 0.5 throughout the
rest of the paper.

Memory Overhead FR needs to save the intermediate features for future
timesteps, necessitating additional memory space. Table 3 presents the total
amount of memory required for feature reusing. As shown in the table, our
method can be applicable within an a�ordable memory overhead. For instance,
in DiT-512, the model takes 4.2 GB of running memory; only adding 5.8% of
additional space, we enjoy 1.64x faster generation speed.

Other Tasks To assess the versatility of our approach, we apply it to sev-
eral other tasks including super-resolution, image inpainting, and text-to-video
generation. FRDi� proved to be applicable across all tasks, safely accelerating
existing denoising processes. Additional results are provided in the Appendix.

5 Discussion

In this section, we will address the limitations of our approach. Although our
method o�ers the advantage of plug-and-play integration without reliance on
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a particular ODE solver, its applicability becomes non-trivial when the time
step for score function evaluation is not continuously provided. For example, in
DPM-Solver++ [21], where 2 or 3 non-consecutive score function evaluations are
needed to compute a single score, the e�cacy of FR may diminish due to non-
consecutive feature maps. Further investigation is warranted for such methods.

6 Conclusion

In this paper, we introduce FRDi�, a novel Feature Reusing (FR)-based zero-
shot acceleration technique for di�usion models. By leveraging the temporal sim-
ilarity inherent in the iterative generation process, FRDi� can achieve remark-
able acceleration of up to 1.76x without sacri�cing output quality. Moreover,
through a comprehensive examination, we present two additional techniques:
score mixing, which harnesses the advantages of both reduced NFE and FR,
and Auto-FR, which determines the optimal con�guration through automated
tuning. We validate our approach across diverse task datasets, demonstrating
superior generation quality compared to existing acceleration methods within
the same latency constraints.
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