
OmniCache: A Trajectory-Oriented Global Perspective on Training-Free Cache
Reuse for Diffusion Transformer Models

Huanpeng Chu*

Zhipu AI
chuhp@zju.edu.cn

Wei Wu*

Nanjing University
714031909@qq.com

Guanyu Feng†

Zhipu AI
guanyu.feng@zhipuai.cn

Yutao Zhang
Zhipu AI

z zhangyt@163.com

Abstract

Diffusion models have emerged as a powerful paradigm
for generative tasks such as image synthesis and video
generation, with Transformer architectures further enhanc-
ing performance. However, the high computational cost
of diffusion Transformers—stemming from a large num-
ber of sampling steps and complex per-step computa-
tions—presents significant challenges for real-time deploy-
ment. In this paper, we introduce OmniCache, a training-
free acceleration method that exploits the global redun-
dancy inherent in the denoising process.

Unlike existing methods that determine caching strate-
gies based on inter-step similarities and tend to prioritize
reusing later sampling steps, our approach originates from
the sampling perspective of DIT models. We systematically
analyze the model’s sampling trajectories and strategically
distribute cache reuse across the entire sampling process.
This global perspective enables more effective utilization
of cached computations throughout the diffusion trajectory,
rather than concentrating reuse within limited segments of
the sampling procedure. In addition, during cache reuse,
we dynamically estimate the corresponding noise and filter
it out to reduce its impact on the sampling direction.

Extensive experiments demonstrate that our approach
accelerates the sampling process while maintaining com-
petitive generative quality, offering a promising and practi-
cal solution for efficient deployment of diffusion-based gen-
erative models.

1. Introduction
In recent years, diffusion models [15, 43, 44] have achieved
remarkable performance as powerful image generation
models [10, 38, 49]. Among the various backbone ar-
chitectures for diffusion models, the Transformer [48] has
demonstrated significant competitiveness, not only generat-
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Figure 1. a). The geometric sampling model during diffusion illus-
trates that every initial sample (drawn from the noise distribution)
begins from a large sphere and converges to the final sample along
a regular sampling trajectory. We perform cache reuse at different
time steps xtn and xtm . We see early cache reuse allows subse-
quent sampling steps to filter introduced noise, correcting the tra-
jectory. In contrast, late-stage cache reuse produces irrecoverable
trajectory deviations. b). Real SNR curve during sampling phases
under cache reuse conditions. Since model outputs show greater
similarity in later sampling stages yet exhibit weaker denoising
strength, cache reuse in later sampling steps leads to continuous
SNR degradation.

ing high-fidelity images [2, 37], but also excelling in video
generation [3, 8, 28], text-to-speech synthesis [18, 26, 46],
and 3D generation [4, 35]. However, while diffusion
Transformers benefit from the outstanding scalability of
the Transformer architecture, they also bring substantial ef-
ficiency challenges, including high deployment costs and
slow inference speeds. As sampling costs scale proportion-
ally with both the number of time steps and the size of the
model at each step, current approaches to improving sam-
pling efficiency naturally split into two directions: reducing
the number of sampling steps [15, 20, 24, 42] or lowering
the per-step inference cost [11, 55].

Methods for reducing the number of time steps include
distilling the trajectory to fewer steps [30, 39, 45] and dis-
cretizing the reverse-time stochastic differential equation
(SDE) or the ordinary differential equation (ODE) of prob-
ability flows [27, 42, 57]. On the other hand, the second
approach primarily focuses on model compression [20, 24],
such as using model quantization to transform the denoising
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network into lower-bit representations [13, 41].
A novel method for dynamic inference in diffusion mod-

els employs special caching mechanisms during the denois-
ing process[19, 32, 33, 53, 59]. The starting point of these
methods lies in the redundancy introduced by the diffusion
model during sampling, which leads to high similarity be-
tween adjacent time steps. As a result, the computation for
certain units can be reused in subsequent steps. However,
as the noise is progressively filtered out, the more consistent
inputs lead to higher similarity in denoising outputs. There-
fore, existing caching strategies are more focused on later
stages of the sampling process. However, output similarity
is not an ideal metric for evaluating cache reuse, especially
for current video generation models based on DIT.

Fig. 1 provides a visual illustration and experimental val-
idation of our approach. As shown in Fig. 1a, when cache
reuse is implemented during early sampling stages, subse-
quent sampling steps naturally filter out the cache-induced
noise—a fundamental characteristic of diffusion models.
This allows the overall sampling trajectory to be gradually
corrected toward the proper direction. In contrast, concen-
trating cache reuse in later steps leaves the model with in-
sufficient capacity to remediate the introduced noise, re-
sulting in irrecoverable trajectory deviations. Fig. 1b fur-
ther substantiates our hypothesis, given that model out-
puts exhibit higher similarity during later sampling stages,
which corresponds to diminished denoising strength. Con-
sequently, noise introduced through cache reuse during
these later phases cannot be effectively eliminated, leading
to a progressive deterioration in the signal-to-noise ratio.
This empirical evidence strongly supports our approach of
distributed cache reuse throughout the entire sampling pro-
cess rather than focusing exclusively on later steps.

To address these issues, we propose OmniCache, a
trajectory-oriented global perspective on training-free cache
reuse for Diffusion Transformer Models. First, we simplify
and estimate the sampling trajectories of various diffusion
models, revealing a pattern that is independent of the in-
put sample. Leveraging the inherent regularity of these tra-
jectory shapes, we introduce a curvature-based approach to
determine the optimal nodes for cache reuse. Additionally,
we estimate and correct the noise induced by cache reuse.
Considering that diffusion models primarily rely on low-
frequency signals during the early stages of sampling to
establish the overall structure and basic semantics, and in-
corporate high-frequency signals in the later stages to cap-
ture finer details, we apply either high-pass or low-pass fil-
tering to the estimated noise, thereby preventing unneces-
sary alterations to the hidden states across different sam-
pling stages. Our method achieves a 2–2.5× speedup on
models such as Opensora and Latte with virtually no loss
in performance metrics. Moreover, on more challenging or
less redundant distilled models (e.g., CogVideoX-5b-I2V-

distill [56], 16steps), our approach yields a 1.45× speedup
without performance degradation, whereas existing meth-
ods tend to lead to model collapse.

The contributions of our paper are as follows:
• We analyzed the influence of cache reuse on the sampling

process of DIT models and pioneered a novel cache reuse
methodology based on model sampling trajectories. To
the best of our knowledge, this work represents the first
systematic investigation that optimizes cache reuse strate-
gies by explicitly considering the inherent characteristics
of the diffusion sampling path.

• We discovered that noise introduced by cache reuse in the
current step exhibits remarkably high correlation with the
previous step. By leveraging this characteristic, we fur-
ther estimate and filter out cache-induced nosie. In addi-
tion, we incorporate both high-pass and low-pass filtering
on estimated noise artifacts to mitigate the impact on ir-
relevant signals.

• Our experimental results demonstrate that our approach
delivers a 2–2.5× speedup on models such as Opensora
and Latte without any performance degradation. Fur-
thermore, we are able to further exploit the potential of
cache reuse, achieving a 1.45× speedup on distilled mod-
els with extremely low redundancy.

2. Related Work

2.1. Efficient diffusion models
Diffusion models have broken the long-time dominance of
generative adversarial networks (GANs [12]) in the chal-
lenging task of image synthesis. However, their extremely
slow generation speed and large memory footprint constrain
their widespread use for downstream tasks.

A great deal of recent work has focused on speeding up
the sampling process while also improving the quality of the
resulting samples. These efficient sampling methods can
be classified into two main categories [47, 52]: Efficient
Process Strategies (EPS), which suggest ways to improve
the efficiency of diffusion models or speed up the sampling
process, and Efficient Design Strategies (EDS), which rec-
ommend modifications to the design of baseline diffusion
models. Konwledge distillation [16, 29], analytical trajec-
tory estimation [1], early-stop strategy [31], and differential
equation (DE) [44] are designed as EPS to decrease the dis-
cretization step size. For EDS, SnapFusion [24] obtains an
efficient UNet structure by network pruning, which accel-
erates the inference process of the diffusion model. The
model class Latent Diffusion Models (LDMs) [38] provide
efficient image generation from the latent space with a sin-
gle network pass. Model acceleration techniques—such as
model quantization [9] and sparse attention [54]—have also
been incorporated into diffusion models.

However, the cache reuse method lies somewhere in be-

16303



tween these two approaches. It leverages the similarity be-
tween consecutive steps in the diffusion process by storing
intermediate results from the denoising network modules in
cache to reduce computation.

2.2. Cache Mechanisms
In large language models and multimodal models, KV
caching is widely used [21, 36]. This method caches the
key and value components from the attention mechanism
so that they can be reused in subsequent attention compu-
tations, thereby accelerating inference. Additionally, prefix
caching stores computed results for a fixed prefix, which
can then be directly reused during generation without re-
dundant calculations.

There are also several cache-based approaches in dif-
fusion model generation. For example, Deepcache [32]
expedites computation across adjacent steps in UNet net-
works by caching the output feature maps of upsampling
blocks. ∆-DIT [7] stores the residuals between several
blocks in the diffusion model to accelerate computation.
AdaCache [19] dynamically adjusts the intensity of cache
reuse for each video being generated, while TOCA [50] ap-
plies cache reuse along the token dimension in DIT. Further-
more, TGATE [6] accelerates the cross-attention module in
the later stages of sampling by caching output feature maps.

However, most existing methods are based on the sim-
ilarity between adjacent steps and lack a comprehensive
study on the impact of cache reuse on the sampling process.
Our approach analyzes the effects of cache reuse based on
the sampling trajectory and correct the noise induced by
cache reuse in sampling stage.

3. Method

In Section 3.1, we introduce the principles of the diffusion
model’s sampling process as well as the logic behind cache
reuse. In Section 3.2, we model the sampling trajectory, an-
alyze the impact of cache reuse on the trajectory, and pro-
pose a curvature-based cache reuse strategy. In Section 3.3,
we decouple the noise induced by cache reuse and present a
noise correction module. Finally, in Section 3.4, we provide
a detailed description of our OmniCache method, covering
both calibration stage and sampling stage.

3.1. Preliminaries
Diffusion models are a family of probabilistic generative
models that progressively destruct real data by injecting
noise, then learn to reverse this process for generation, rep-
resented notably by denosing diffusion probabilistic models
(DDPMs [15]). DDPM is composed of two chains: a for-
ward chain that perturbs data to noise, and a reverse chain
that converts noise back to data. The former is usually de-
signed by hand and its goal is to convert any data distribu-

tion into a simple prior distribution (e.g., a standard Gaus-
sian distribution).

In the denoising process, with a Gaussian noise xT ,
the diffusion model can generate samples by iterative sam-
pling xt−1 from pθ(xt−1|xt) until obtaining x0, where the
Gaussian distribution pθ(xt−1|xt) is a simulation of the
unavailable real distribution q(xt−1|xt). The mean value
µθ(xt−1|xt) of pθ(xt−1|xt) is calculated from the noise
prediction network ϵθ (usually the UNet model or DiT
model). Therefore, the sampling process of xt−1 is shown
as follows:

xt−1 =
1

√
αt

(
xt−

βt√
1− αt

ϵθ(xt, t)

)
+σtz, z ∈ N(0, I)

(1)
The diffusion model continuously evokes the noise predic-
tion network to acquire the noise ϵθ(xt, t) and filter it out.
The complexity of the noise prediction network ϵθ and the
huge hidden states especially for video-generation make the
sampling of diffusion models expensive.

The noise prediction network ϵθ, taking the current
mainstream video generation model architecture DIT (La-
tent Diffusion Transformers) as an example, is composed of
multiple layers stacked together (for instance, Latte-1 con-
sists of 48 layers with identical structures). Each layer com-
prises an attention module (Atten) and a linear layer (MLP)
arranged in a residual format. The essence of cache reuse is
to store the output of the previous step for use in the current
step (using the attention module as an example):

f̃ l
t =

{
f l
t +Atten(f l

t) OriginalForward

f l
t +AttenCache CacheReuse

(2)

For the input feature f l
t at the current step, the cache

reuse strategy employs the previously stored AttenCache
as the output of the attention module, thereby saving the
corresponding computation. Typically, AttenCache is ob-
tained by storing the output of the attention module from the
previous step t − 1 or even earlier steps. The discrepancy
between AttenCache and the real output Atten(f l

t) accu-
mulates through subsequent layers, ultimately introducing
unavoidable noise in the model’s final output.

x̃t−1=
1

√
αt

(
xt−

βt√
1− αt

ϵ̃θ(xt, t)

)
+ σtz, z∈ N(0, I)

=
1

√
αt

(
xt−

βt√
1− αt

(
ϵθ(xt, t) + qθ(xt, t)

))
+ σtz.

(3)

From the perspective of complete sampling process,
these cache noises accumulate to form cache noise qθ(x̃t, t)
which further accumulates in the current output x̃t−1 , thus
affecting subsequent sampling processes.
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Figure 2. The diagram of our OmniCache. In the calibration stage, we store the states at different time steps xtn to obtain the corresponding
sampling trajectory, while simultaneously computing the curvature and the correlation of cache-induced noise. Based on the curvature, we
determine the appropriate time steps for cache reuse. In the actual sampling stage, we estimate the noise induced by cache reuse in real
time, and correct the denoising model’s output based on the noise correlation and high-pass/low-pass filtering.

3.2. Sampling Trajectory of Diffusion Models
Diffusion models generate samples that conform to the true
data distribution by injecting noise into the data and sub-
sequently removing it via a reverse process. This process
is typically implemented by solving the reverse diffusion
equation (e.g., PF-ODE). During the sampling phase, the
process of generating a sample from the noise space can be
regarded as a trajectory between the noise distribution and
the data distribution, i.e., the sampling trajectory. Closely
related to this is the denoising trajectory, which is produced
at each denoising step and implicitly influences the cur-
vature and shape of the sampling trajectory. Specifically,
the denoising trajectory determines the rotation direction at
each sampling point, and this rotational information reflects
the curvature of the sampling trajectory.

Existing methods [5] provide an approach to approxi-
mate the sampling trajectory by confidently using a 3-D
subspace. First, we compute the unit vector between the
starting and ending points:

u =
xtN − xt0

∥xtN − xt0∥
(4)

Next, we project the trajectory onto the orthogonal com-
plement of u. We perform PCA on this projection and ex-
tract two principal directions, w1 and w2. Each sampling
point is then approximated in the 3-D subspace spanned by
u, w1, and w2:

xproj
ti = (xti · u)u+ (xti · w1)w1 + (xti · w2)w2. (5)

These two additional principal components allow us to
more accurately approximate the actual trajectory, with de-
viations from the true trajectory being almost indistinguish-
able. This enables a better understanding of the geometric
structure of high-dimensional sampling trajectories.

3.2.1. Sampling Trajectories Exhibit a Boomerang Shape
1. As shown in Fig. 3, the scale along the xtN − xt0 axis
is significantly larger than that of the other two principal
components. Consequently, the trajectory is very close to
the straight line connecting its endpoints. 2. Trajectories
from different initial starting points all exhibit a consistent
boomerang shape, demonstrating strong regularity that is
independent of the specific generated content and inherent
solely to the diffusion model itself. 3. The spacing between
adjacent steps along the sampling trajectory gradually de-
creases. The intervals between trajectory points essentially
reflect the differences between adjacent steps. Therefore,
similarity-based cache reuse methods tend to occur more
frequently in the later stages of sampling.

3.2.2. Impact of Cache Reuse on Sampling Trajectory
In order to more intuitively demonstrate the impact of
cache reuse on the sampling trajectory, we conducted an
analysis on the CogVideoX-5b-I2V-distill model. Since
CogVideoX-5b-I2V-distill utilizes only 16 sampling steps,
the effects of cache reuse become even more pronounced.
In Fig. 3a, we applied cache reuse during an early stage of
sampling (xt12 → xt11 ). At this point, it is evident that
cache reuse itself introduces additional noise, which mis-
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Figure 3. We visualized the sampling trajectories of the distilled
version of CogVideoX-5b-I2V-distill [56] (a total of 16 steps). The
unmarked trajectory in a and b represents the normal sampling
process. Additionally, we applied cache reuse at one step in the
early stage (left panel) and one step in the later stage (right panel),
and visualized the corresponding intermediate outputs along with
the final output results. In c, we visualized the relative L2 error
between the output noise at each step and that of the previous step.

leads the sampling direction of the diffusion model. How-
ever, the diffusion model has an inherent self-correction ca-
pability. During the early sampling phase, when cache reuse
is applied, subsequent sampling steps treat the noise intro-
duced as part of the denoising process, thereby pulling the
sampling direction back on track. As shown in Fig. 3a, the
hidden states xt11 are dominated by noise, so the additional
noise introduced can be effectively ignored. In contrast,
during the later sampling stage (xt4 → xt3 ), the noise in-
duced by cache reuse is much harder to disregard, and there
are not enough subsequent sampling steps to correct it, mak-
ing the change in sampling direction irreversible.

Furthermore, we visualized the time steps at which cache
reuse was applied along with the final generated outputs. It
can be observed that when cache reuse is applied at xt4 , the
generated results exhibit ripple-like noise regions (high-
lighted by red boxes), leading to poorer quality compared
to applying cache reuse at xt12 . This phenomenon is con-
sistent with the SNR plot in Fig. 1b: introducing additional
noise into the noise-dominated hidden states has little ef-
fect during the early sampling stages, whereas the impact is
pronounced in the later stages.

However, as shown in Fig. 3c, the relative L2 norm of
the output noise at xt4 is lower than that at xt12 . Therefore,
similarity-based cache reuse strategies tend to select xt4 for
cache reuse (as in AdaCache). Consequently, the locally
based similarity metric of output features diverges from the
truly optimal selection strategy. We, instead, explore a more
comprehensive cache reuse strategy based on the sampling
trajectory.

3.2.3. Trajectory Curvature-Based Cache Reuse
Our analysis reveals that sampling steps with higher simi-
larity predominantly emerge in later stages of the sampling
process, precisely when cache reuse introduces irreversible
perturbations to the sampling trajectory. Based on this in-
sight, we propose a novel caching strategy grounded in the
global properties of sampling trajectories. We identify that
trajectory curvature serves as an effective indicator for op-
timal cache deployment: regions of minimal curvature sig-
nify stable directional progression, making these ideal can-
didates for cache reuse without compromising generation
quality. Conversely, segments exhibiting pronounced cur-
vature represent critical directional transitions where stan-
dard sampling processes should be preserved. Notably,
our comprehensive experiments demonstrate remarkable
structural consistency across diverse sampling trajectories,
with nearly identical geometric patterns emerging regard-
less of generation contents. This consistency enables our
curvature-based caching methodology to generalize effec-
tively across various video generation tasks.

3.3. Cache-induced Noise Correction
The noise induced by a single step of cache reuse in Eqn. 3
can be computed as follows:

qθ(xt, t) = ϵ̃θ(xt, t)− ϵθ(xt, t) (6)

When we perform a Taylor expansion on cache-induced
noise qθ(xt, t), we obtain the following formula:

qθ(xt−1, t− 1) ≈ qθ(xt, t)−
d qθ(xt, t)

dt
+O(∆t2)

≈ γt−1 qθ(xt, t),
(7)

where γt−1 is the correlation of noise.
This indicates that when we perform normal forward

sampling in the preceding step, we can simultaneously per-
form cache reuse to obtain the corresponding cache reuse
noise qθ(xt, t) for estimating qθ(xt−1, t − 1) . In order to
estimate the noise induced by cache reuse more accurately,
we need to minimize the second term in Eqn. 7. When we
further decouple the second term, we obtain:

−d qθ(xt, t)

dt
=

d ϵθ(xt, t)

dt
− d ϵ̃θ(xt, t)

dt

=

√
αt − αtαt

βt

(
d x̃t−1

dt
− d xt−1

dt

)
≈

√
αt − αtαt

βt

(
d xt

dt
− d xt−1

dt

)
≈

√
αt − αtαt

βt

d2xt

dt2

(8)

The first derivative of qθ(xt, t) is correlated to the second
derivative of the sampling trajectory. That is, when we se-
lect a time step with minimal curvature for cache reuse, the
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first derivative of the cache noise is minimized, and at this
point the actual cache noise qθ(xt−1, t−1) is most strongly
correlated with the cache noise qθ(xt, t) from the previous
step. As shown in Fig. 2, we visualize the variation of cur-
vature and noise correlation γt over time steps in the Latte
model. It can be observed that curvature and γt are nega-
tively correlated, which is consistent with our previous pre-
dictions. When the curvature is low, the sampling trajectory
tends to continue along the previous direction, resulting in a
stronger correlation in the noise introduced by cache reuse.

Therefore, we can use the estimated cache noise
γt−1 qθ(xt, t) to correct the current step. Besides, our tra-
jectory curvature-based cache reuse and the correction of
cache-induced noise are inherently coupled and mutually
reinforcing.

Furthermore, for diffusion models with high redundancy
(for example, 50-step diffusion models such as Latte), there
can be consecutive time steps where cache reuse is applied.
In this case, the estimated noise can be approximated as the
product of multiple correlation coefficients:

qθ(xt−1, t− 1) ≈ γt−1 qθ(xt, t)

≈ γt−1 ∗ γt qθ(xt+1, t+ 1)
(9)

Therefore, to ensure the effectiveness of the noise correction
module, we impose an additional constraint that prohibits
performing cache reuse for three consecutive steps.

At the same time, considering that diffusion models pro-
cess different signals at different sampling stages—focusing
on global information and low-frequency signals in the
early stages, and on fine details and high-frequency signals
in the later stages. We apply low-pass filtering to the esti-
mated noise during the early sampling stages to prevent it
from introducing additional noise into the high-frequency
components. Conversely, in the later stages, we apply high-
pass filtering to prevent low-frequency noise from degrad-
ing the underlying information.

3.4. Summary of Methods
As shown in the Fig. 2, our method consists of the following
steps:
• During the calibration stage, we obtain the input state xt

of diffusion model at each step, output ϵθ(xt, t) by the de-
noising model. Then, we reduce the sampling trajectory
to three dimensions and calculate the curvature at each
step. Besides, we must ensure that no three consecutive
time steps are selected for cache reuse, so as to guarantee
the effectiveness of subsequent noise correction.

• During the actual sampling stage, when a predetermined
cache reuse time step is reached, we replace the original
computed results with the cached attention outputs and
MLP outputs, thereby saving computational cost. Based
on the noise correlation scale γt, we estimate the cache-

induced noise, then apply either high-pass or low-pass fil-
tering to correct the output of the denoising model.

4. Experiment

4.1. Implementation details
Model Configurations We conducted experiments across
four widely-used DIT models for various generation tasks.
In the image generation domain, DIT-XL [2] was employed
for class-conditional image generation. For video genera-
tion scenarios, we implemented OpenSora [61] (480p -2s at
30steps) and Latte [34] (512×512 -2s at 50steps) for text-
to-video generation and CogVideoX-5b-I2V-distill [56] for
image-to-video conversion. All experiments were per-
formed on NVIDIA 4090 GPU hardware.
Evaluation Metrics For class-conditional image genera-
tion, we uniformly sampled 1000 categories from ImageNet
and generated 50000 samples at a resolution of 256 × 256
pixels. We then evaluated their FID [14] and Precision and
Recall metrics [22]. For text-to-video generation, we test
our approach based on the VBench framework [17], gener-
ating 5 videos for each of the 950 benchmark prompts under
different random seeds, resulting in a total of 4,750 videos.
The generated videos are comprehensively evaluated across
16 aspects proposed in VBench. Besides, we also report
reference-based PSNR, SSIM [51] and LPIPS [58] as qual-
ity metrics. For the image-to-video generation task, we ran-
domly generated 100 videos and evaluated them using met-
rics such as Q-Align [23]. In addition, we conducted human
evaluations to analyze and compare the videos across two
major dimensions: consistency and video quality.
Comparison Targets For benchmarking purposes, given
that our proposed method is a training-free inference accel-
eration strategy, we selected several comparable approaches
as baselines. The comparison methods include FORA [40],
∆-DiT [7], T-GATE [59], PAB [60], AdaCache [19], Tea-
Cache [25] and ToCA [50]. These methods represent the
current state-of-the-art techniques for accelerating diffusion
model inference without requiring additional training.

4.2. Performance On Video Generation
Text-to-video Generation Quantitative comparison be-
tween our OmniCache with other training-free DiT acceler-
ation methods is shown in Tab. 1. In the table, OmniCache-
slow and OmniCache-fast perform cache reuse on 50% and
60% of the time steps, respectively. For the 30-step Latte
model, OmniCache-slow and OmniCache-fast save 15 and
18 steps of computation, respectively. Specifically, our
OmniCache-slow achieves a 2× speedup with only a 0.16%
drop in the VBench metric compared to the baseline, out-
performing other training-free, cache-based DiT accelera-
tion methods. Moreover, OmniCache-fast further acceler-
ates the process, striking an excellent balance between per-
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Method VBench (%) ↑ PSNR ↑ LPIPS ↓ SSIM ↑ FLOPs (T) Speedup

Open-Sora 79.22 – – – 3230.24 1.00×
+ ∆-DiT 78.21 11.91 0.5692 0.4811 3166.47 –
+ T-GATE 77.61 15.50 0.3495 0.6760 2818.40 1.10×
+ PAB-fast 76.95 23.58 0.1743 0.8220 2558.25 1.34×
+ PAB-slow 78.51 27.04 0.0925 0.8847 2657.70 1.20×
+ ToCa(R = 85%) 78.34 – – – 1394.03 2.36×
+ TeaCache-fast 78.48 19.10 0.2511 0.8415 1640.00 2.25×
+ OmniCache-slow 78.83 22.37 0.1553 0.8180 1615.12 2.00×
+ OmniCache-fast 78.50 21.27 0.1841 0.7930 1292.10 2.50×
Latte 77.40 – – – 3439.47 1.00×
+ ∆-DiT 52.00 8.65 0.8513 0.1078 3437.33 –
+ T-GATE 75.42 19.55 0.2612 0.6927 3059.02 1.11×
+ PAB-fast 73.13 17.16 0.3903 0.6421 2576.77 1.33×
+ PAB-slow 76.32 19.71 0.2699 0.7014 2767.22 1.24×
+ AdaCache-fast 76.26 17.70 0.3522 0.6659 1010.33 2.74×
+ AdaCache-fast (w/ MoReg) 76.47 18.16 0.3222 0.6832 1187.31 2.46×
+ AdaCache-slow 77.07 22.78 0.1737 0.8030 2023.65 1.59×
+ TeaCache-fast 76.69 18.62 0.3133 0.6678 1120.00 3.28 ×
+ OmniCache-slow 77.24 22.48 0.1955 0.7903 1719.74 2.00×
+ OmniCache-fast 77.09 21.06 0.2463 0.7575 1375.79 2.50×

Table 1. Quantitative evaluation of text-to-video generation quality. Here, we compare our method, OmniCache, with several training-
free, cache-based DiT acceleration approaches on multiple video baselines. It can be observed that our OmniCache-fast scheme strikes a
favorable balance between the acceleration ratio and actual performance metrics, incurring only minimal performance degradation with a
2.5× speedup. Corresponding visualizations can be found in Appendix.

Baseline

AdaCache

OmniCache

Figure 4. The image-to-video generation results on the CogVideoX-5b-I2V-distill model are shown. The generated video comprises 80
frames, and we extracted the 10th, 40th, and 80th frames for visualization.

Method Aesthetic Quality ↑ Q-Align↑ Speedup

CogVideoX-5b-I2V-distill 0.59 0.79 1.00×
+AdaCache∗ 0.57 0.77 1.33×
+OmniCache 0.621 0.792 1.45×

Table 2. Quantitative evaluation of image-to-video generation.

formance and acceleration—with a 2.5× speedup and only
a 0.31% reduction in VBench.

Image-to-video Generation We generated 100 videos us-
ing the CogVideoX-5b-I2V-distill model to evaluate the ef-

fectiveness of our method. This model is a distilled version
with 16 sampling steps, and the resolution of the generated
videos is consistent with that of the input images, reaching
up to 1080P (768×1360). Due to extensive reduction in re-
dundancy through model distillation, existing cache reuse
methods such as ∆-DiT, learn to cache, and PAB fail to
generate proper videos, often resulting in model collapse.
Shown in Tab. 2, we adapted AdaCache for this model,
which performs cache reuse on an average of 4 sampling
steps, leading to a 2% decrease in the Q-Align metric. In
contrast, our OmniCache, which accelerates 5 steps (an ac-
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Method FLOPs(T) Speed sFID↓ FID↓ Precision↑ Recall↑
DiT-XL/2-G (cfg = 1.50) 118.68 1.00× 4.98 2.31 0.82 0.58

33% steps 39.40 3.01× 6.31 2.76 0.81 0.57
37% steps 44.15 2.69× 6.04 2.64 0.81 0.58
+FORA (N = 3) 39.95 2.97× 6.21 2.80 0.80 0.59
+FORA (N = 2.8) 43.36 2.74× 6.13 2.80 0.80 0.59
+ToCa (N = 4, R = 93%) 43.22 2.75× 5.81 2.68 0.80 0.57

+OmniCache-fast 47.47 2.50× 5.86 2.69 0.81 0.56

Table 3. Quantitative comparison on class-to-image generation on ImageNet with DiT-XL/2.

Method Aesthetic Quality↑ Q-Align↑
CogVideoX-5b-I2V-distill 0.59 0.79
+ OmniCache (Cache Reuse) 0.58 0.778
+ OmniCache (Cache Reuse + Noise Correct) 0.593 0.788
+ OmniCache (Cache Reuse + Noise Correct/Filtering) 0.621 0.792

Table 4. The effect of different modules of OmniCache with
CogVideoX-5b-I2V-distill.

celeration ratio of 1.45), is able to maintain a stable qalign
metric. In addition, we conducted human evaluations to
compare the baseline and our OmniCache. The win rates for
visual quality and textual instruction compliance were 5%
and -3%, respectively. This indicates that our method pro-
duces results that are nearly identical to the original model,
with almost no degradation in generation quality at an ac-
celeration ratio of 1.45.

We visualized the intermediate frames of the generated
videos in Fig. 4. It can be observed that the similarity-based
AdaCache introduces additional noise, which cannot be fil-
tered out in subsequent sampling steps, resulting in some
blurry regions that degrade the video quality. In contrast,
although the final generated videos from our method dif-
fer significantly from the original, the overall image quality
remains much closer to the original—almost lossless.

4.3. Performance on Image Generation
Class-Conditional Image Generation Quantitative com-
parison between OmniCache with other training-free DiT
acceleration methods is shown in Tab. 3. DiT-XL/2, based
on a DDPM sampler, generates images in 250 steps. Due
to the extremely high similarity between adjacent steps, the
magnitude of noise induced by cache reuse is lower com-
pared to that in the video generation task, making it chal-
lenging for our noise correct module. Nevertheless, our
method still achieves results comparable to those of the con-
temporaneous SOTA method, ToCa.

4.4. Ablation Study
Our method, OmniCache uses the sampling trajectory
to determine the cache reuse time steps (CacheReuse).

And noise correction and filtering module (Noise Cor-
rect/Filtering) occurs during sampling stage. The methods
listed in Tab. 4 are consistent with those in Tab. 2 , all meth-
ods perform cache reuse on 5 sampling steps, correspond-
ing to an acceleration ratio of 1.45. It can be observed that
our noise correction module is capable of rectifying cache-
induced noise, thereby improving the quality of generated
videos. Moreover, when we further apply high-pass and
low-pass filtering to the estimated noise to focus on specific
information (Filtering), the corresponding video metrics are
further enhanced, resulting in nearly lossless performance
compared to the original model.

5. Conclusion and Limitation

Unlike previous cache reuse methods based on similarity or
other local features, our OmniCache provides an novel per-
spective on diffusion model acceleration through two key
innovations. First, we analyze sampling trajectory geome-
try to determine optimal cache reuse opportunities based on
trajectory curvature patterns, enabling informed decisions
about when cache reuse will least impact generation quality.
Second, we address the noise introduced during cache reuse
through dynamic estimation of its correlation with previ-
ous sampling steps, while simultaneously applying high-
pass and low-pass filtering at different sampling stages to
effectively remove interfering signals while preserving es-
sential components. Our method proves highly effective in
video generation tasks with relatively few sampling steps
(30–50 steps), achieving nearly lossless performance with a
2× acceleration. Furthermore, for distilled models with low
redundancy where current cache reuse methods almost fail,
our approach still delivers video quality that is nearly loss-
less compared to the original model at an acceleration ratio
of 1.45.

OmniCache’s main limitation is that cache reuse can-
not be applied for three consecutive steps. We introduced
this constraint to ensure the reliability of our cache-induced
noise estimation, which may limit its maximum accelera-
tion capability.
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