
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

Accelerate Diffusion Transformers with Feature Momentum
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Figure 1: A gallery comparing various acceleration methods and generation quality. We introduce FeMo, which observes the

continuity of feature trajectory of diffusion models in different timesteps and further stabilizes it with an adaptive momentum
mechanism, leading to 5.55× and 6.22× acceleration in FLUX and DiT without notable drop in generation quality.

Abstract

Diffusion models have demonstrated outstanding generative capa-
bilities in image and video synthesis. However, their heavy com-
putational burden, particularly due to the sequential denoising
process and large model sizes, makes them challenging to meet
real-time application demands. In this paper, motivated by the con-
tinuity of diffusion models in the feature space, we introduce FeMo,
which employs a momentum mechanism to stabilize the dynamics
of diffusion models in different timesteps, allowing us to accurately
predict the features in the future timesteps based on the historical
information. Additionally, we further propose an Adapted-FeMo,
which allows for adaptive searching for the optimal coefficient
for each generated sample. Extensive experiments demonstrate its
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effectiveness, e.g., a 4.99× acceleration on FLUX with 0.86% im-

provements on image reward.Under the condition of maintaining
generation quality, Adapted-FeMo achieves a maximum speedup
of 7.10× on DiT and 6.24× on FLUX. Our codes are available in
the supplementary material and will be released on Github.

CCS Concepts

• Generative Multimedia → Multimedia Foundation Models.

Keywords

Diffusion Models, Model Acceleration, Adaptive Momentum

1 Introduction

In the field of generative artificial intelligence, Diffusion Models
(DMs) [8] have made significant progress, achieving excellent re-
sults in tasks such as image generation and video synthesis [1, 20].
Diffusion Transformers (DiT) [18] have further improved visual
generation quality by replacing the U-Net architecture with the
Transformer encoder architecture. However, these advancements
come with a substantial increase in computational demands, and
the high-order time complexity caused by the repeated computation

1
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Figure 2: Scatter plot of the trajectories of FeMo and other

baseline methods after performing Principal Component

Analysis (PCA) on features.

of high-dimensional features during inference limits the feasibility
of diffusion transformers in practical applications. To address the
issue of computational inefficiency, several acceleration techniques
have been proposed [16, 17, 28, 29].

Most recently, based on the observation that diffusion models
exhibit strong similarity in features between adjacent timesteps,
feature caching has been proposed as a plug-and-play technique
to accelerate diffusion models [23]. Feature caching stores the fea-
tures of diffusion models in previous activated timesteps and reuses
them in the following caching timesteps, thus achieving signifi-
cant acceleration by skipping the computation in the caching steps.
Meanwhile, many studies have incorporated the characteristics of
diffusion models, proposing methods such as caching important
tokens [30], [31], and caching only the gap between features [2].
These works follow the “cache-then-reuse” paradigm that assumes
that features in the previous timesteps are identical to the features
in the following timesteps, which is approximately reasonable for
temporally adjacent timesteps, but entirely invalid when applied
to distant timesteps, leading to a significant generation quality
degradation in high acceleration ratios.

Features of diffusion models are dynamic instead of static.

More surprisingly, by visualizing the features of diffusion models
in different timesteps, we find that it forms a relatively stable and
continual trajectory. Based on this observation, [12] proposed Tay-
lorSeer, a new "cache-then-forecast" paradigm that uses differential
approximations of Taylor series expansions to predict the features
at the current reuse step, providing a very preliminary solution
to model the dynamics in the features of diffusion models. In this
paper, we identify this paradigms suffer from the following issues.

First, Taylor-based approximations are inherently susceptible
to noise-sensitive gradient accumulation during multi-step reuse,
as high-order derivatives such as second- or third-order terms
are prone to estimation inaccuracies that propagate exponentially
across sequential steps. Furthermore, the fixed-order truncation of
Taylor series fundamentally limits its capacity to model long-term
dependencies, as predefined polynomial degrees fail to account for
directional reversals in feature trajectories over extended horizons.
Additionally, as shown in Figure 3, there is a huge difference in the
feature trajectory across timesteps for different generated samples.
However, previous methods ignore their difference and treat all of

Figure 3: The trajectory of feature in diffusion models over

timesteps for FeMoand the original DiT without acceleration

on four different samples.

them with the same paradigm. These issues introduce the require-
ment for a noise-robust, long-historical, and adaptive technique to
model the dynamics of the features in diffusion models.

To address these issues, we propose Feature Momentum (FeMo)
to model the dynamics in the features of diffusion models by intro-
ducing an adaptive momentum mechanism, allowing us to predict
the features in the future timesteps based on the trend of historical
features. Concretely, FeMo employs a weighted prediction mecha-
nism, utilizing the derivative terms approximated by the differences
of all fully activated timesteps to predict the features at the current
reused timestep. Building on this, Adapted-FeMo minimizes the
discrepancy between predicted and actual features, dynamically
adjusting the weights of historical features based on the feature dis-
tribution characteristics of different samples. Without the require-
ments on high-order derivatives, FeMo avoids the high sensitivity
to the outlier in diffusion progress, allowing us to precisely match
the original feature trajectory of the original diffusion models at a
high acceleration ratio, as shown in Figure 2. Compared to previous
caching methods where high reuse frequency led to severe image
quality degradation, Adapted-FeMo is particularly effective when
there is a large gap between fully activated steps. As shown in
Figure 4, compared with previous SOTA methods, our approach
reduces quality loss by 16 times, and still maintains good genera-
tive performance under an ultra-high acceleration ratio of up to
7.1×, whereas previous methods experienced significant generative
failure at this acceleration ratio.

In summary, the main contributions of this work are as follows:
• We propose Feature Momentum (FeMo), which predicts features

of diffusion models through an adaptive momentum mechanism.
The accurate prediction in FeMo allows us to skip the computa-
tion in the future timesteps to achieve significant acceleration
without drops in generation quality.

• Based on the difference in the feature trajectory of different diffu-
sion models, we further propose Adapted-FeMo, which dynami-
cally adjusts the weights of historical features for each generated
sample to minimize the error caused by feature caching, thereby
leading to superior generation performance.

• Extensive experiments onDiT and FLUX demonstrate that Adapted-
FeMo achieves ultra-high speedups of 6.24× and 7.10× respec-
tively, while maintaining nearly lossless generation quality, and
sometimes even brings higher generation quality. It can be di-
rectly utilized in any diffusion transformer without requirements
for additional training. Compared with TeaCache, FeMo achieves

2
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a 29.34% improvement in generation quality metrics at the high-
est acceleration ratio.

2 RELATEDWORK

2.1 Diffusion Acceleration

Since the introduction of the Diffusion model [25], it has made
significant progress in the field of generative models, thanks to its
exceptional capabilities in generating images and videos. The initial
model used the U-Net architecture [8, 20], but its computational
cost and inference speed bottlenecks made it difficult to meet the
needs of practical applications. Although later variants like DiT [18]
enabled faster inference, they still required long generation times.
To address this issue, various acceleration techniques have emerged
in recent years , aiming to optimize the sampling process[14, 15,
26]and network structure [4, 5, 24]of Diffusion models, in order to
improve their generation efficiency.
Reducing the number of sampling steps . DDIM [26] reduces the
necessary sampling steps by introducing a non-Markov process,
while maintaining high generation quality. In addition, some higher-
order ODE (ordinary differential equation) solvers, such as the
DPM-Solver series [14, 15], further accelerate the sampling process
through more efficient numerical methods, reducing the computa-
tional load required for inference.
Optimizing the computational efficiency of denoising networks . For
example, model compression techniques such as network pruning
[4] and quantization [5, 24] can significantly accelerate inference
speed without significantly reducing generation quality. Although
these methods perform well on the U-Net architecture, there has
been limited exploration of their application to Transformer archi-
tectures (e.g., Diffusion Transformer, DiT). Therefore, some new
methods, such as FORA [23] and Δ-DiT [2], are specifically opti-
mized for the characteristics of DiT.

2.2 Feature Cache

Feature caching technology has become an important direction for
accelerating the inference of Diffusion models and has gained wide-
spread attention in recent years. The core idea of this technology
is to store and reuse intermediate features computed from previous
steps during inference, in order to reduce redundant computations
and improve computational efficiency. For example, DeepCache
[16] and Faster Diffusion [10] cache feature maps from intermediate
layers of the U-Net model and share computational results between
adjacent steps, thereby significantly reducing the computational
load during inference. These methods achieve acceleration without
adding extra training burdens by reducing redundant computations.
However, traditional feature caching methods are primarily de-
signed for the U-Net architecture [8, 20] and are difficult to directly
apply to Transformer-based Diffusion models [18]. Due to the dif-
ferences in the self-attention mechanism and hierarchical structure
of the Transformer architecture, traditional caching methods often
fail to effectively reuse features, leading to a decline in generation
quality. To address this, some new methods have proposed caching
strategies specifically for Transformer architectures [16, 30, 31] and
other related adaptive optimization algorithms [11, 12, 19, 28].
Learning to optimize caching strategies . The Learning-to-Cache
method proposed by Ma et al. [16] improves caching efficiency

Figure 4: Comparison between the previous methods and

FeMoon DrawBench with FLUX and ImageNet with DiT.

by learning the optimal caching strategy, although this requires
additional training steps. Additionally, ToCa [30] and DuCa [31]
reduce information loss through dynamic selection feature updates.
Adaptive optimization strategies . At the same time, TeaCache [11]
optimizes caching decisions by dynamically selecting time steps
and estimating the differences between them. DiTFastAttn [28]
reduces redundancy in self-attention computations across multiple
dimensions by introducing windowed attention, feature similarity
across time steps, and the elimination of conditional redundancy.
EOC [19] presents an error optimization framework that enhances
caching efficiency by leveraging prior knowledge extraction and
adaptive optimization.Recently, [12] proposed refining the values
in the cache by approximating the true values during the next
sampling step using Taylor expansion terms.

These innovative feature caching techniques provide new accel-
eration approaches for Diffusion models within the Transformer
architecture. By reducing redundant computations, approximating
true values in the cache, and adaptive optimization, they signifi-
cantly improve inference speed while ensuring generation quality.
However, these methods still face a challenge: as the time steps
increase, the similarity between features rapidly decreases, leading
to degradation in generation quality. Therefore, prediction-based
caching methods have become a new development trend. For ex-
ample, by predicting the features of future steps, instead of directly
reusing past features. Our work achieves the approximation of the
"true values" during reuse in the cache with minimal additional
computational cost, thus maintaining high generation quality.

3 METHODOLOGY

In the Methodology section, we briefly introduce the Diffusion
model and Transformer Architecture, followed by Feature Caching
and prediction for the Diffusion model. Then, we present the pre-
diction principle of the FeMo method and introduce the Adapted-
FeMo method, which adaptively adjusts the momentum term co-
efficient 𝛽 based on the difference between the current predicted
value and the true computed value.

3.1 Preliminary

Diffusion model and Transformer Architecture.The diffusion model
consists of a forward process and a reverse process. The forward

3
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Figure 5: (a) FeMo (Order=2) uses first-order and second-order finite difference approximation derivatives, modeling and

predicting the current reuse step feature by utilizing the historical information of each respective order. (b) From a conceptual

perspective, the high-dimensional features are abstracted into a 2D space for vector analysis, illustrating that FeMo, when

introducing the momentum term for predictionmodeling, canmakemore accurate predictions in both direction andmagnitude

by considering the historical information of all previous full activation steps.

process gradually adds Gaussian noise to the clean image :

x𝑡 =
√
𝛼𝑡x0 +

√
1 − 𝛼𝑡𝜖 (1)

while the reverse process gradually denoises the standard Gaussian
noise to recover the real image. The denoising process is mainly
based on calculating the posterior probability from the prior proba-
bility, which leads to the probability density function of the [noised]
reverse process, as defined in the formula:

𝑝𝜃 (𝑥𝑡−1 |𝑥𝑡 ) = N
(
𝑥𝑡−1;

1
√
𝛼𝑡

(
𝑥𝑡 −

1 − 𝛼𝑡√
1 − 𝛼𝑡

𝜖𝜃 (𝑥𝑡 , 𝑡)
)
, 𝛽𝑡 𝐼

)
(2)

In this process,𝑇 denotes the number of timesteps in the denoising
process, 𝛼𝑡 = 1 − 𝛽𝑡 , and 𝛼𝑡 =

∏𝑇
𝑖=1 𝛼𝑖 . 𝜖𝑡 represents a denoising

network with inputs x𝑡 and 𝑡 . The training process involves optimiz-
ing 𝜃 such that the predicted noise removal approximates the noise
added during the forward process. During image generation, the
network 𝜖𝜃 requires 𝑇 inferences, consuming most of the computa-
tional cost in diffusionmodels. Recent studies suggest that replacing
the traditional U-Net with a transformer-based architecture for 𝜖𝜃
can significantly enhance generation quality. Diffusion Transformer
models are usually composed of stacking groups of self-attention
layers 𝑓𝑆𝐴 , multilayer perceptron 𝑓𝑀𝐿𝑃 , and cross-attention layers
𝑓𝐶𝐴 (for conditional generation).The input data 𝑥𝑡 consists of a se-
quence of tokens representing various patches within the generated
images. This can be expressed as 𝑥𝑡 = {𝑥𝑖 }𝐻×𝑊

𝑖=1 , where 𝐻 and𝑊
correspond to the height and width of the images, or the latent
code of the images, respectively.

Feature Caching and predicting for Diffusion model.Recent accelera-
tion techniques apply Naïve Feature Caching in diffusion models
by reusing features from adjacent timesteps:

F (𝑥𝑡−𝑘 ) := F (𝑥𝑡 ), where 𝑘 ∈ {1, . . . , 𝑁 − 1} (3)

This strategy theoretically provides a speedup of (𝑁 − 1)-times, but
the errorr accumulation caused by direct reuse limits the maximum
speedup before the model fails. A new method called TaylorSeer
has recently been proposed. This method simulates the first-order
derivative using finite differences, and applies Taylor expansion

terms to make the historical features cached from the previous full
computation approach the true feature values during the current
reuse. The definition of the 𝑖-th forward finite difference is:

Δ𝑖F (𝑥𝑡 ) = Δ(Δ𝑖−1F (𝑥𝑡 )) = Δ𝑖−1F (𝑥𝑡+𝑁 ) − Δ𝑖−1F (𝑥𝑡 ) (4)

Where 𝑡 is the current time step, and 𝑡 + 𝑁 is the previous full
computation step. And setting the base case Δ0F (𝑥𝑡 ) = F (𝑥𝑡 ).
Substituting Eq. 4 into the standard Taylor expansion, the general
expression for approximating the reused features using the full
computation step features is obtained:

F (𝑥𝑡−𝑘 ) = F (𝑥𝑡 ) +
𝑚∑︁
𝑖=1

Δ𝑖F (𝑥𝑡 )
𝑖! · 𝑁 𝑖

(−𝑘)𝑖 (5)

Although this method can effectively improve the accuracy under
feature reuse, using only the expansion terms of the current full
activation step as the direction guidance still lacks precision in
determining the prediction direction in the vector space. This pre-
diction can even have a negative effect at initial timesteps where
feature changes are more significant. This still limits the model from
achieving a larger speedup while maintaining generation quality.
Therefore, we propose using the historical gradient to guide the
prediction direction of the current timestep.

3.2 FeMo

Feature prediction during the reuse step. In order to suppress the oscil-
lations caused by advancing in the direction of the finite difference
approximation of the derivative, FeMo introduces a weighted histor-
ical momentum term based on the finite difference approximation.
This helps smooth out short-term fluctuations in the prediction
curve and further correct the predicted direction during the cache
reuse step. The iterative formula for the momentum term that stores
the historical difference terms is:

M𝑖 (𝑥𝑡 ) = 𝛽 · M𝑖 (𝑥𝑡+𝑁 ) + (1 − 𝛽) · ∇𝑖F (𝑥𝑡 ) (6)

Here, 𝛽 represents the weight of historical information in each
iteration, and (1 − 𝛽) represents the weight of the differential de-
rivative term calculated from the current full activation timestep.

4
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The relationship for approximating the derivative using:

Δ𝑖F (𝑥𝑡 ) ≈ 𝑁 𝑖 · F (𝑖 ) (𝑥𝑡 ) (7)

By replacing the difference approximation term in Eq. 5 with the
historical momentum term, and considering the proportional factor
in Eq. 7, we derive the feature prediction formula for the 𝑘-th reuse
timestep 𝑡 using the𝑚-th order derivative term:

F (𝑥𝑡−𝑘 ) = M(𝑥𝑡 ) +
𝑚∑︁
𝑖=1

M𝑖 (𝑥𝑡 )
𝑖!

(−𝑘)𝑖 (8)

Here, 𝑖 is the order of differentiation, andM(𝑥𝑡 ) = F (𝑥𝑡 ).
At this point, the feature prediction direction at timestep 𝑡 during

the cache reuse step is determined not only by the finite difference
approximation of the derivative at the previous full activation step,
but also by the predicted direction M𝑖 (𝑥𝑡+𝑁 ), which is obtained
through a weighted vector average of all previously accumulated
activation steps in the vector space. The direction of the optimiza-
tion process tends to adjust gradually along the previous direction,
reflecting the inertia effect and directional tendency in the opti-
mization process.

Weighted PredictionMechanism.As shown in Eq. 6, FeMo is amethod
that assigns different weights to all previous full computation steps,
calculates the weighted moving average of local features, and uses
the final moving average as the basis for determining the predicted
feature values during the reuse step. To understand the weight of
the influence of previous full computation steps on the current pre-
dicted features, and to make a reasonable initial setting, we derive
the following general formula(We perform it when𝑚 = 1):

M(𝑥𝑡 ) = 𝛽𝜏 · M(𝑇 ) + (1 − 𝛽) · ( F (𝑥𝑡 )
𝑁

− 𝛽𝜏−1 · F (𝑥𝑡+𝜏𝑁 )
𝑁

)

−
𝜏−1∑︁
𝑗=1

𝛽 𝑗−1 · (1 − 𝛽)2 ·
F (𝑥𝑡+𝑗𝑁 )

𝑁

(9)

Here, 𝑡 = 𝑇%𝑁 , 𝜏 = 𝑇−𝑡
𝑁

and 𝑇 is the full activation step closest to
the first feature reuse step. It typically does not directly equal the
total number of timesteps.

As observed from the Eq. 9, in the early stages of inference, the
prediction direction and accuracy mainly depend on the computed
values of M(𝑇 ) and F (𝑥𝑡 ). Due to the lack of sufficient historical
data, the model’s prediction error may be large. Given that gener-
ative models typically rely on limited prior information and data,
we start saving the finite difference approximation values from the
first timestep. This way, a larger initial value setting can provide
stronger guidance in the early stages of the generation process,
making it closer to the target distribution and reducing early fluc-
tuations.

Bias Correction.At the same time, as observed in Figure 3 in the
introduction, the feature trajectory is relatively smooth during the
first few timesteps, with the finite difference derivative values being
small (especially in higher-order approximations). To enhance the
numerical stability of the FeMo method and ensures more accurate

predictions, we have applied bias correction:

𝑏 = 1 − 𝛽Δ𝑡 ,M𝑖 (𝑥𝑡 ) =
M𝑖 (𝑥𝑡 )

𝑏
, (10)

where 𝑏 is the bias correction term, and Δ𝑡 represents the number
of timesteps. When Δ𝑡 is close to 0, the denominator can effectively
amplify the current feature value, while when Δ𝑡 is close to 𝑇 , it
has almost no impact on the current feature.

3.3 Adapted-FeMo

At the same time, we observe that when the feature trajectory is
relatively smooth, assigning smaller weights to the historical gradi-
ents is sufficient for accurate predictions. However, in cases where
the trajectory is not smooth—that is, when the values in the cache
differ significantly from the true computed values—we can adap-
tively adjust the momentum term’s weight based on the size of the
local values. This allows us to effectively determine the prediction
direction when significant changes occur in the feature’s direction
in the vector space. Therefore, we propose that FeMo perform an
additional computation step during prediction, i.e., when 𝑡 in Eq. 9
corresponds to the full computation step: (Mathematical analysis
using𝑚 = 1 as an example).

𝑦 = M0 (𝑥𝑡+𝑁 ) + 𝑁 · M1 (𝑥𝑡+𝑁 )
= 𝑁 [·𝛽𝜏 · M(𝑇 ) + (1 − 𝛽) · F (𝑥𝑡 )]
− 𝑁 · 𝛽𝜏−1 · F (𝑥𝑡+𝜏𝑁 ) + F (𝑥𝑡+𝑁 )

−
𝜏−1∑︁
𝑗=1

𝛽 𝑗−1 · (1 − 𝛽)2 · F (𝑥𝑡+𝑗𝑁 )

(11)

At this point, we assume the objective is to minimize the mean
squared error between the predicted value 𝑓 𝑜𝑟𝑚𝑢𝑙𝑎_𝑣𝑎𝑙𝑢𝑒(denoted
as 𝑦) and the computed value 𝑡𝑟𝑢𝑒_𝑣𝑎𝑙𝑢𝑒(denoted as 𝑦):

min ∥𝑦 − 𝑦∥2 (12)

At the same time, we solve the constraint function, so that at the
current step 𝑡 ,all terms in the objective function, except for the vari-
able 𝛽 , are known tensors. Through first-order derivative analysis
(Theorem A.2 in the appendix), we can deduce that 𝛽 should satisfy:

𝛽 =
(1 − 𝜏) · F (𝑥𝑡+𝑁 )

𝜏 · 𝑁 · M(𝑇 ) − F (𝑥𝑡+𝑁 ) (13)

When ∥𝑦∥2 > ∥𝑦∥2, it is clear that 𝛽 should tend to increase and
change relatively slowly. In order to achieve the optimization objec-
tive with the minimal computational effort, we set the learning rate
𝛾 and determine its specific value based on experimental experience.
To implement the adaptive 𝛽 , we use the following formula:

𝛽𝑡 = 𝛽𝑡+𝑁 + S · 𝛾 (14)

When ∥𝑦∥2 − ∥𝑦∥2 < 0, S is 1; otherwise, S is -1, if the difference is
exactly 0, S is set to 0. At the same time, based on Eq. 13 and using
a small sample experiment, we derive the initial value for 𝛽 and
restrict its range of variation.
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Table 1: Quantitative comparison in text-to-image generation for FLUX on Image Reward.

Method Efficient Acceleration Image Reward ↑ CLIP ↑
FLUX.1[9] Attention [3] Latency(s) ↓ Speed ↑ FLOPs(T) ↓ Speed ↑ DrawBench Score

[dev]: 50 steps 17.20 1.00× 3719.50 1.00× 0.9898 19.604

60% steps 10.49 1.64× 2231.70 1.67× 0.9739 19.526
Δ-DiT (N = 2) † 11.87 1.45× 2480.01 1.50× 0.9316 19.350

50% steps † 8.80 1.95× 1859.75 2.00× 0.9429 19.325
40% steps † 7.11 2.42× 1487.80 2.62× 0.9317 19.027
34% steps † 6.09 2.82× 1264.63 3.13× 0.9346 18.904
Δ-DiT (N = 3) † 8.81 1.95× 1686.76 2.21× 0.8561 18.833
FORA (N = 3) † [23] 7.08 2.43× 1320.07 2.82× 0.9227 18.950
ToCa (N = 5) [30] 10.80 1.59× 1126.76 3.30× 0.9731 19.030
DuCa (N = 5) [31] 5.88 2.93× 1078.34 3.45× 0.9896 19.595
TaylorSeer (N = 4, O = 2) [12] 6.81 2.53× 1042.28 3.57× 1.0024 19.402
Adapted-FeMo (N = 4, O=1) 6.67 2.58× 1042.28 3.57× 1.0375 19.618

FORA (N = 5) † [23] 5.17 3.33× 893.54 4.16× 0.8235 18.280
TeaCache (𝑙 = 0.8) † [12] ✔ 4.98 3.58× 892.35 4.17× 0.8683 18.500
ToCa (N = 8) † [30] 8.47 2.03× 784.54 4.74× 0.9086 18.380
DuCa (N = 6) † [31] 4.89 3.52× 816.55 4.56× 0.9470 19.082
TaylorSeer (N = 6, O = 2) [12] 5.19 3.31× 744.81 4.99× 0.9953 19.637

Adapted-FeMo (N = 6, O=1) 5.07 3.39× 744.81 4.99× 0.9984 19.597

FORA (N = 7) † [23] 4.22 4.08× 670.441 5.55× 0.7398 17.609
ToCa (N = 10) † [30] 7.93 2.17× 714.66 5.20× 0.8390 18.165
DuCa (N = 9) † [31] 7.28 2.36× 690.26 5.39× 0.8601 18.534
TaylorSeer (N = 7, O = 2)†[12] 4.88 3.52× 670.44 5.55× 0.9331 19.553
TeaCache(𝑙 = 1.2) † [12] ✔ 3.98 4.48× 669.27 5.56× 0.7351 18.080
Adapted-FeMo (N = 7, O=1) 4.70 3.66× 670.44 5.55× 0.9770 19.556

FORA (N = 9) † [23] 4.42 3.90× 596.07 6.24× 0.5550 18.371
ToCa (N = 12) † [30] 7.34 2.34× 644.70 5.77× 0.7131 17.907
DuCa (N = 10) † [31] 6.5 2.65× 606.91 6.13× 0.8396 18.534
TeaCache (𝑙 = 1.4) † [12] ✔ 3.63 4.91× 594.90 6.25× 0.7346 17.862
TaylorSeer (N = 8, O = 2) †[12] 4.59 3.74× 596.07 6.24× 0.8167 19.499
Adapted-FeMo (N = 8, O=1) 4.37 3.94× 596.07 6.24× 0.9501 19.550

• † Methods exhibit significant degradation in Image Reward, leading to severe deterioration in image quality.

Figure 6: Qualitative comparison on FLUX.1-dev. Other methods encounter

issues such as failure in text, wrong number of objects, low aesthetics, and

so on, while FeMo achieves the best quality and acceleration.

Figure 7: Detailed visualization results of differ-

ent accelerationmethods onDiT-XL/2 in the case

of speed ratio of 6.22×.
4 EXPERIMENT

4.1 Experiment Settings

Model Configurations.The experiments are carried out using three
advanced visual generative models: FLUX.1-dev[9], a text-to-image
generation model ; and DiT-XL/2[18], a class-conditional image
generation model. For more detailed model configurations, please
refer to the Supplementary Material.
FLUX.1-dev[9] utilizes the Rectified Flow [13]sampling method

with a standard configuration of 50 steps. All experimental evalua-
tions were conducted on NVIDIA H20-NVLink GPUs.
DiT-XL/2 [18]adopts a 50-step DDIM[26] sampling strategy to en-
sure consistency with other models. Experiments on DiT-XL/2 were
conducted on NVIDIA A800 80GB GPU
Evaluation and Metrics. In the text-to-image generation task, we
performed inference on 200 prompts from DrawBench [22] to gen-
erate images with a resolution of 1000x1000, using Image Reward

[27] and CLIP score [6] as the primary evaluation metrics. For the
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Table 2: Quantitative comparison on class-to-image generation on ImageNet with DiT-XL/2.

Method Efficient Acceleration

FID ↓ sFID ↓
DiT-XL/2[18] Attention [3] Latency(s) ↓ Speed ↑ FLOPs(T) ↓ Speed ↑

DDIM-50 steps 0.995 1.00 × 23.74 1.00× 2.32 4.32
DDIM-25 steps 0.537 1.85 × 11.87 2.00× 2.95 4.51
Δ-DiT(N = 2) 0.322 3.09 × 18.04 1.31× 2.69 4.67
Δ-DiT(N = 3) 0.301 3.31 × 16.14 1.47× 3.75 5.70

DDIM-20 steps 0.406 2.45 × 9.49 2.50× 3.81 5.15
FORA (N = 3) [23] 0.197 5.05 × 8.58 2.77× 3.55 6.36
ToCa (N = 3) [30] 0.216 4.78 × 10.23 2.32× 2.87 4.76
DuCa (N = 3) [31] 0.208 4.78 × 9.58 2.48× 2.88 4.66
TaylorSeer (N = 3, O = 4) [12] 0.292 3.41 × 8.56 2.77× 2.35 4.69
Adapted-FeMo (N = 3, O = 2) 0.241 4.13 × 8.56 2.77× 2.32 4.65

DDIM-12 steps† 0.228 4.36 × 5.70 4.17× 7.80 8.03
FORA (N = 4) [23] 0.169 5.89 × 6.66 3.56× 4.30 7.37
ToCa (N = 6)†[30] 0.163 6.10 × 6.34 3.75× 6.55 7.10
DuCa (N = 6)† [31] 0.127 7.83 × 5.81 4.08× 6.40 6.71
TaylorSeer (N = 5, O = 4)[12] 0.245 4.06 × 5.24 4.53× 2.74 5.82
Adapted-FeMo (N = 5, O = 2) 0.166 5.99 × 5.24 4.53× 2.64 5.30

DDIM-10 steps† 0.224 4.44 × 4.75 5.00× 12.15 11.33
FORA (N = 7)† [23] 0.142 7.01 × 3.82 6.22× 12.55 18.63
ToCa (N = 13)† [30] 0.146 6.82 × 4.03 5.90× 21.24 19.93
DuCa (N = 12)† [31] 0.131 7.60 × 3.94 6.02× 31.97 27.26
TaylorSeer (N = 7, O = 4)[12] 0.220 4.52 × 3.82 6.22× 3.59 7.07
Adapted-FeMo (N = 7, O = 2) 0.133 7.48 × 3.82 6.22× 3.36 5.63

DDIM-7 steps† 0.168 5.92 × 3.32 7.14× 33.65 27.15
FORA (N = 8)† [23] 0.141 7.06 × 3.34 7.10× 15.31 21.91
ToCa (N = 13)† [30] 0.151 6.59 × 3.66 6.48× 22.18 20.68
DuCa (N = 18)† [31] 0.144 6.91 × 3.59 6.61× 133.06 98.13
TaylorSeer (N = 9, O = 4)†[12] 0.209 4.76 × 3.34 7.10× 5.55 8.45
Adapted-FeMo (N = 9, O = 2) 0.122 8.16 × 3.34 7.10× 4.46 5.99

• † Methods exhibit significant degradation in FID, leading to severe deterioration in image quality.

Figure 8: The ablation experiment results on FLUX.1-dev and

DiT-XL/2 are visualized and compared with the TaylorSeer

methods of various orders. The best-performing Adapted-

FeMo shows significant improvements at high acceleration

ratios and is able to maintain the generation quality without

degradation at a high acceleration ratio of N=9.

class-conditioned image generation task, we uniformly sampled
from 1,000 ImageNet [21] categories and generated 50,000 images
with a resolution of 256x256, using FID-50k [7] as the evaluation
criterion, supplemented by sFID (Stabilized FID) for robustness
evaluation. A detailed description can be found in the appendix.

4.2 Text-to-Image Generation

Quantitative Study. We compared Adapted-FeMo with existing
methods. As shown in Table 1 ,although DuCa [31] (N = 5) achieves
3.45× FLOPs accelerationwith an Image Reward of 0.9896, and ToCa
[30] (N = 5) provides 3.30× acceleration, its image quality drops
(0.9731). However, the performance of Adapted-FeMo (N = 4, O
= 1) significantly outperforms both: with 3.57× acceleration, it
maintains an excellent Image Reward of 1.0375. In comparison to
the recent cache-based high-acceleration method TaylorSeer [12],
which retains a stable Image Reward of 0.9331 at 5.55× accelera-
tion, our Adapted-FeMo maintains an even better Image Reward
(0.9770) and CLIP score (19.556) at the same 5.55× acceleration.
Notably, as the acceleration ratio increases, baseline methods suffer
a significant degradation in image quality: ToCa (N = 12) drops to
0.7131 Image Reward at 5.77× acceleration, DuCa (N = 10) drops
to 0.8396 Image Reward at 6.13× acceleration, and TaylorSeer (N
= 8, O = 2) drops to 0.8167 Image Reward at 6.24× acceleration. In
contrast, Adapted-FeMo (N = 8, O = 1) maintains an Image Reward
of 0.9501 and a CLIP score of 19.550 even at 6.24× acceleration,
demonstrating an unparalleled balance of efficiency and fidelity.
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Qualitative Study.Qualitative results in Figure 6 demonstrate that
FeMo achieves outstanding generation quality while enabling high-
speed inference. In the text generation task, such as A sign that
says ’Diffusion’, FeMo accurately preserves the textual elements,
whereas methods like ToCa and DuCa lose key details. In the gen-
eration task Two cars on the street, FeMo exhibits a strong ability
to understand the prompt, while other methods show significant
issues with color accuracy and quantity accuracy in the test cases.
This indicates that FeMo strikes an excellent balance between speed
and performance, especially in tasks that require fine detail preser-
vation and a strong understanding of the prompt.

4.3 Class-Conditional Image Generation

Quantitative Study. We compared Adapted-FeMo with ToCa [30],
FORA [23], DuCa [31], TaylorSeer [12], and methods that reduce
DDIM steps on DiT-XL/2 [18]. The results show that Adapted-
FeMo significantly outperforms other methods in terms of both
acceleration ratio and image quality. As the acceleration ratio in-
creases beyond 3.5×, the FID scores of methods like FORA, ToCa,
and DuCa degrade significantly, leading to severe deterioration
in image quality. In contrast, Adapted-FeMo maintains excellent
generation quality even at 4.53× acceleration, with a FID of 2.68

and sFID of 5.30,superior to advanced baselines such as TaylorSeer,
ToCa, and DuCa. Notably, Adapted-FeMo can still maintain good
generation quality, without image degradation, even at the highest
acceleration of 7.10×, achieving an outstanding balance between
efficiency and fidelity.

Qualitative Study.The qualitative results in Figure 7 demonstrate
that FeMo successfully maintains the details and quality of the
images during high-speed inference on the DiT-XL/2 model. In the
generation task for the "985 daisy" class, FeMo accurately preserved
the details of the flower. In the "385 Indian elephant" generation task,
FeMo successfully modeled the relationship between the elephant’s
legs and the position of the fence, showing a good understanding of
the physical spatial details and generation capabilities, in contrast
to FORA, which failed to generate the outline, and TaylorSeer,
which lacked modeling details. For the "94 Humming bird" class,
FeMo demonstrated exceptional detail recovery ability, accurately
representing the bird’s feathers.
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Figure 9: The latency behavior of FeMo under multi-GPU

parallel acceleration with 2048 × 2048 images on FLUX.

5 DISCUSSION

5.1 Ablation Studies

We conducted ablation experiments on DiT-XL/2 [18] and FLUX.1-
dev[9] to evaluate Adapted-FeMo and FeMo, focusing on the impact
of the interval time parameter N and the order of the differential
approximation O on computational efficiency and generation qual-
ity. The results show that, when using a first-order differential
approximation (O = 1), Adapted-FeMo significantly outperforms
the current state-of-the-art TaylorSeer on FLUX. On DiT, at a high
acceleration ratio (N = 9), it also surpasses TaylorSeer in its full
state (O=4). Furthermore, when O = 2, Adapted-FeMo shows a
noticeable improvement on DiT. At N = 7, it still achieves an FID
of only 3.36 and can maintain image generation quality without
degradation at N = 9. Meanwhile, the ablation results on FeMo
show that our adaptive adjustment strategy continues to improve
performance without affecting generation speed. The ablation ex-
periments also demonstrate that using differential approximation
derivative information from historical time steps to generate subse-
quent predictions effectively enhances prediction quality.

Overall, the Adapted-FeMo method demonstrates significant
advantages in the current ablation experiments, especially in its
performance at high acceleration ratios. Compared to existing meth-
ods, Adapted-FeMo achieves a higher acceleration ratio, a break-
through that lays the foundation for its application in real-time or
resource-constrained scenarios. Detailed results can be found in the
supplementary materials.

5.2 The Stability of its Hyperparameters.

We chose to analyze the Adapted-FeMo (N=9, O=2) scheme on
DiT-XL/2, where different 𝛾 values were analyzed within the same
fluctuation range, as well as different ranges for the same 𝛾 , demon-
strating the stability of hyperparameters within reasonable ranges,
with maximum fluctuations of only 0.16% and 0.19%, respectively.
More analysis can be found in the supplementary materials.

5.3 FeMo in Sequence Parallelism Technology.

As shown in the Figure 9, the proposed method is highly compatible
with sequence parallelism technology. When generating images
with a resolution of 2048, the latency on a single GPU is reduced
from 2739.40 to 13.70, achieving a 1.93× speedup. On four GPUs
in parallel, the latency is reduced from 1707.35 to 8.54, achieving a
3.10× speedup, indicating compatibility with parallel computation.

6 CONCLUSION

In this paper, to address the existing issues in the “cache-then-
forecast” paradigm—where current methods are highly sensitive
to gradient accumulation influenced by noise, struggle to handle
long-term dependencies, and overlook the feature trajectory differ-
ences between different generated samples—we propose the FeMo
method based on a weighted prediction mechanism. This method
uses the differential approximation of derivatives from previously
fully activated timesteps to predict the features at the current reuse
step. Additionally, we introduce an adaptivemechanism that dynam-
ically adjusts the weight of historical features during momentum
updates based on each sample’s feature trajectory characteristics.
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