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Figure 1. Gallery of various editing tasks and efficiency comparisons. We propose the EEdit, a novel inversion-based framework for
efficient image editing. Compare with previous methods, we achieve the faster and more efficient image editing.

Abstract
Inversion-based image editing is rapidly gaining momen-
tum while suffering from significant computation overhead,
hindering its application in real-time interactive sce-
narios. In this paper, we rethink that the redundancy
in inversion-based image editing exists in both the spa-
tial and temporal dimensions, such as the unnecessary
computation in unedited regions and the redundancy in
the inversion progress. To tackle these challenges, we
propose an Efficient Editing framework, named EEdit, to
achieve efficient image editing. Specifically, we introduce

*Contributed equally
Corresponding author

three techniques to solve them one by one. For spatial
redundancy, spatial locality caching is introduced to
compute the edited region and its neighboring regions
while skipping the unedited regions, and token indexing
preprocessing is designed to further accelerate the caching.
For temporal redundancy, inversion step skipping is
proposed to reuse the latent for efficient editing. Our
experiments demonstrate an average of 2.46 x acceleration
without performance drop in a wide range of editing
tasks including prompt-guided image editing, dragging
and image composition. Our codes are available at

https://github.com/yuriYanZeXuan/EEdit.
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Figure 2. The illustration of motivation. We observe that there are significant computational redundancy during the editing process,
which can be classified into spatial redundancy (a) and temporal redundancy (b). For spatial redundancy (a), due to a high background
similarity between the source image and the edited results, calculating the entire image in every inversion/denoising step is unnecessary.
For temporal redundancy (b), we discover that skipping some steps in inversion/denoising does not degrade the editing performance.

1. Introduction

With groundbreaking advances in diffusion models [7, 9,
47, 62], they have emerged as the state-of-the-art approach
for both image generation and editing tasks [4, 16, 18,
33, 63]. Current diffusion-based editing frameworks typ-
ically adopt a two-stage pipeline: (1) an inversion pro-
cess [5, 37, 44, 46, 49, 57, 73] that maps the input image
to its corresponding noisy latent, followed by (2) a denois-
ing process [21, 29, 49, 53, 56, 74] that progressively de-
noises and modifies the latent code to produce the edited
image. While achieving impressive editing quality, this
two-stage paradigm suffers from significant computational
overhead, particularly hindering its usage from real-time in-
teractive applications on resource-constrained edge devices.
To address this problem, this paper begins by identifying
two types of computational redundancy in editing and then
solves them one by one.

(I) Spatial Redundancy: Although only a small region
of the image is expected to be edited, the current editing
pipeline has to compute all the pixels of the given image.
Retaining computation in these unedited regions incurs ad-
ditional computational overhead, while yielding minimal
benefits for our editing objectives. In Figure. 2, we visualize
and compare the differences between pixels before and after
image editing, as well as the heat map of cosine similarity
of the latent space state differences at fixed time intervals.
Both patterns consistently exhibit spatial redundancy dif-
ferences in the editing task: the edited regions show greater
pixel differences and lower similarity in the latent space,
whereas the unedited regions exhibit negligible pixel dif-
ferences and higher similarity in the latent space. Specif-

ically, the unedited region exhibits significantly greater re-
dundancy compared to the edited region.

(II) Temporal Redundancy: Compared with generating
a new image, image editing poses additional computation
cost for inversion, which is employed to map the to-be-
edited image to the latent space of noise to some extent. In
the traditional editing pipeline, the inversion process takes
the same computation cost as denoising and thus doubles
the computational overhead.

In Figure. 2, we separately control the full inversion and
denoising processes by introducing interval-skipping time
steps during the inversion/denoising process. It allows us
to compare how reducing the computational load of one
process under the same overall computational cost affects
the editing performance. Notably, reducing the denoising
steps first led to the loss of fine details, such as texture in-
formation around the mouth and nose, and soon resulted
in the degradation of overall structural integrity. Surpris-
ingly, skipping time steps in the inversion process had lit-
tle to no perceptible effect, indicating a highly unbalanced
distribution of temporal redundancy between inversion and
denoising. Specifically, we discover that inversion exhibits
significantly greater redundancy compared to denoising.

Based on this observation, we propose Spatial Locality
Caching (SLoC), which aims to skip the computation of
unedited regions by reusing their features computed in the
previous timesteps. Concretely, during both the denois-
ing and inversion process, SLoC first computes the to-
kens corresponding to all the regions and stores them in
a cache. Then, in the following step, SLoC still performs
full computation on the edited region and its neighboring
regions, while skipping the computation of other regions
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by reusing their previously cached features. Such a mixed-
computation manner in SLoC enables diffusion models to
pay more effort in important regions guided by the editing
prior, maintaining good quality in the edited region while
trading the computation in unedited region for efficiency.
Furthermore, to further reduce the computation from SLoC,
we analyze that caching initialization and update strategy
for the score map can be finished as an offline operation.
Based on this observation, we propose the token index pre-
processing, achieving over a 15% improvement in infer-
ence speed. Importantly, this optimization is mathemati-
cally equivalent, ensuring that SLoC itself undergoes an ad-
ditional lossless acceleration.

Additionally, we observe that there is temporal redun-
dancy in both inversion/denoising processing. Motivated by
DDIM [53], we propose the inversion step skipping strat-
egy. The primary insight is that skipping certain inver-
sion steps does not produce noticeable artifacts and can
markedly improve processing speed. Surprisingly, our ex-
periments reveal that the number of timesteps for inversion
can be safely reduced to 33.3% of that for diffusion, with
almost no noticeable performance degradation.

We validated the effectiveness of proposed modules in
extensive experiments on various editing tasks, including
prompt-guided [7, 18, 58], reference-guided [29, 59, 64],
and drag-guided editing [27, 45, 51, 70]. While achiev-
ing state-of-the-art performance in background consistency,
EEdit also delivers up to 10.96x latency acceleration com-
pared to other editing methods. Even when compared
to existing cache-based acceleration techniques, it demon-
strates a superior acceleration ratio. Furthermore, EEdit
achieves a 2.46x speedup with minimal performance dif-
ferences, maintaining near-lossless quality across various
evaluation metrics when compared to the original editing
pipeline without cache acceleration.

In summary, our contributions include:

* We emphasize the spatial and temporal redundancy in
inversion-based editing tasks and propose EEdit, a novel
editing framework to modify images efficiently.

« Spatial Locality Caching (SLoC): To reduce the spatial
redundancy in editing, spatial locality caching is proposed
to skip most of the computation in unedited regions. Then
we design the Token Index Preprocessing (TIP) to fur-
ther optimize the speed of caching.

* Inversion Step Skipping (ISS): To reduce the tempo-
ral redundancy, we propose to assign more computation
to denoising and fewer computation to inversion, which
firstly demonstrates and leverages the unequal importance
of the two processes to accelerate editing.

* Extensive Adaption and Experiments: We evaluate our
methods across various editing tasks, including prompt-
guided editing, drag-guided editing, and reference-guided
editing, which demonstrates 10.96 x acceleration than the

current state-of-the-art editing approach.

2. Related Work

2.1. Acceleration of Diffusion Models

Low-latency, high-quality generation methods are an im-
portant research direction. Currently, there are two main
types of diffusion model acceleration methods: the first one
is to reduce the number of sampling steps [24-26, 53], and
the second one is to accelerate internal computation of the
diffusion model. Solutions to reduce computational com-
plexity include model distillation and compression [62],
token pruning [68], token merging [2, 3, 10], and layer-
wise caching techniques [12, 23, 30, 31, 50]. However,
layer-wise caching techniques have a large cache granular-
ity, which ignore the asymmetry of importance at the token
level. Toca [76] and Duca [77] adopt a token-wise cache,
focusing on and assigning importance to tokens with score
maps. During recomputation, a certain proportion of tokens
are selected for refreshing, achieving a lossless acceleration.

Unfortunately, existing caching schemes are not specif-
ically designed to accommodate the characteristics of edit-
ing tasks and suffer from the following issues:

First, computing intrinsic feature correlations between
tokens introduces additional internal overhead in caching
operations. Second, some caching strategies and editing
methods require accessing attention maps [76] or storing
KV matrices [29, 75], leading to incompatibility with exist-
ing Transformer acceleration techniques, such as FlashAt-
tention [8, 67], thereby increasing latency. Moreover, edit-
ing tasks inherently exhibit prior information regarding the
spatial distribution of regions requiring greater attention,
yet current caching techniques fail to leverage it.

Our approach significantly improves acceleration over
traditional caching methods by effectively reducing both
temporal and spatial redundancy. Additionally, we intro-
duce token index preprocessing to further compress the ex-
tra overhead incurred by caching. As a result, our method
simultaneously optimizes both editing performance and ac-
celeration efficiency among various editing tasks.

2.2. Image Editing

Image editing, as an important application in the genera-
tive field, has received widespread research and exploration
in the academic community. This includes controllable
text-to-image generation, image inpainting, and image-to-
image generation, among other approaches [19, 32, 33, 35—
37, 56, 57]. Common editing approaches follow a noise ad-
dition and denoising framework, where the original image
is perturbed by a certain level of noise in the latent space to
leverage the model’s editing capabilities. The final edited
image is then obtained through a denoising process that re-
stores clarity. Training-free inversion editing techniques,
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Figure 3. The overview of our approach. The proposed framework for image editing based on MM-DiT diffusion models employs an
efficient denoising and training-free approach. The pipeline takes the original image and an editing prompt as inputs. Specifically, the cache
is refreshed entirely in fixed time-step interval, while partial computation for updating cache is maintained for the intermediate timesteps.

when applied to editing tasks such as prompt-guided edit-
ing, image composition, and image dragging, involve opera-
tions on the attention map, including modification, enhance-
ment, and replacement. These methods have been applied in
P2P [16] and more subsequent works [13, 29, 43, 75]. Since
inversion-based approaches require the inversion technique
to reconstruct the denoised image and significantly impact
editing quality, researchers have explored both training-
based and training-free inversion techniques. InfEdit adopts
a virtual inversion strategy without explicit inversion during
sampling, enabling accurate and consistent editing, and falls
under the category of inversion-free image editing methods.
Unfortunately, these methods based on or utilizing attention
maps require storing the attention map and manipulating the
corresponding KV matrices [16, 75]. This results in incom-
patibility with common attention acceleration techniques,
increasing inference latency. In contrast, our method en-
ables reduces the redundancy in inversion and denoising,
enhancing the efficiency and speed of editing.

3. Preliminaries

3.1. Rectified Flow

The Rectified Flow [22] method models the transformation
from a Gaussian noise distribution 7 to the real data dis-
tribution 771 as a continuous change along a straight path by
learning a forward simulation system.

In the forward process, the state of the system can be
viewed as a linear interpolation between the initial state and
the Gaussian noise, which is simplified and easier to under-
stand compared to traditional methods [17].

Xt:(l—t)Xl +tXgy, X1 ~m,Xg~mo (1)

By differentiating the above expression with respect to
t, the ODE form of the Rectified Flow can be obtained:
d;if = X1 — Xj. Furthermore, let us define vg = d(ﬁt , the
training objective can then be transformed into minimizing

the integral of this expectation over the time steps:

1
mein/ ]E[|\X1—Xo—v9(Xt7t)H2} i 2
0

Here, 6 represents the parameters of the neural network to
be optimized. Due to the complexity introduced by the in-
tegral symbol, the optimization of these parameters is typ-
ically performed using the equivalent form of Conditional
Flow Matching (CFM):

Lorm = Eip,(z0).p) lve(z,t) — Ut(z|€)|\§v 3

where the conditional vector fields u:(z|e) provides an
equivalent yet tractable objective. p; is the probability path
between pg and p1, and p; ~ 7.

4. Approaches

Our approaches aim to reduce the spatial and temporal re-
dundancy to improve the efficiency of image editing. The
core idea is to leverage the mask of edited area to guide
cache refreshing and reuse. The pipeline of the EEdit is
shown in Figure. 3. In this section, we will describe the
design of spatial locality caching (see Section. 4.1) and to-
ken index preprocessing (see Section. 4.2) for spatial redun-
dancy. For temporal redundancy, we introduce the inversion
step skipping in the Section. 4.3.

4.1. Spatial Locality Caching

Score Bonus for Editing Region.
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Figure 4. The pipeline of spatial locality caching. (1) The initialization and refresh process of cache storage using the computed results
from SA (Self-Attention), CA (Cross-Attention), and MLP. (2) The token-wise partial computation logic and the cache update mechanism.
(3) The initialization and update logic for scoring, which is responsible for selecting indices for partial computation.

In mask-guided image editing tasks, the tokens corre-
sponding to image patches outside the edited region are ac-
tually derived from Z}’“’, which is obtained from inversion
process. This part is directly replaced in the latent space.

As a result, the importance of DiT’s computation on
these tokens is significantly reduced. Instead, we aim to
focus more on the computation of tokens within the edited
region. Simultaneously, to account for the modeling of cor-
relations between important tokens and their neighboring
tokens, the neighboring tokens are rewarded with gradually
decreasing importance. We designed a score bonus map Sg
to control the reward intensity, defined as:

Sp(x) 1+b-7F, xe Np(M,), ke€0,1,....K
T x ¢ Uty Ni(My)

Here x represents an arbitrary token in DiT. M is the latent
mask for point set of edit region. Hyperparameters such
as b > 1 represent the bonus factor, while 0 < r < 1
denotes the decay ratio. K is the border-score smoothing
hyperparameter. The neighborhood of M with an L1 norm
equal to k is denoted as Ny (M) and is defined as:

Ni(Mg) = {x:de € M, ||x —e|; = k}.

Update Strategy with Cache Frequency Control. When
the proportion of tokens corresponding to the edited region
is lower than the full computation of the network, mean-
ing it is smaller than the cache refresh ratio, not all tokens

in the edited region undergo the same level of full compu-
tation. Instead, we prioritize recomputing and refreshing
in the cache those tokens that have been updated less fre-
quently and reused more times.

SLoC track the frequency of times each token is reused
from the cache and increment its score accordingly on a
token-wise map M,.q. The more frequently a token is
reused, the more likely its features will be recomputed and
refreshed. Once certain tokens undergo recomputation and
refresh, their corresponding usage frequency counters are
immediately reset to zero. From another perspective, the
design of cache frequency control serves two key purposes.
First, it encourages the recomputation of frequently reused
tokens to reduce accumulated errors. Second, it suppresses
the redundant recomputation of tokens that are repeatedly
updated, thereby reducing computational overhead.

4.2. Token Index Preprocessing

Although SLoC reduces spatial redundancy by using
caching, as a double-edged sword, such an acceleration
comes with certain limitations: in a cache cycle shown in
Figure. 4, the cache overhead is sequentially arranged as
follows: (1) Randomly initialize. (2) Bonus for edited re-
gion. (3) Perform sorting and selection. (4) Update. (5)
Refresh. These steps constitute the caching cycle and oper-
ate as illustrated in Figure. 4.

However, we observe that internal score updates and to-
ken selection take additional computational costs in editing
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Algorithm 1 SLoC Editing with ISS&TIP

Require: Input image I5, Mask for editing region Mg,
Prompt for editing P,,, Randomly initialized map R,
Bonus for edited region Sg, Cache dict C¢[l, f] and NN
layer F;. Token-wise multiplication ® and addition &.

Ensure: The edited result I*

1: // Token Index Preprocessing

: Mypeq < z€rolF, 1]

cfort=T,T—-1,...1do

for 7; + SA;,CA;,MLP,, [l €[1,2...L] do
S+ (ROSE)® Mfreq
Ii,l,t <~ SeltopR% (Sl)

Update(M ¢r¢q)

end for

: end for

: Zo + cat(VQ-Encoder(Is), Txt-Encoder(Py, ))

: // Inversion Reduction

cfort=1,2...,T do

R IR A o

_
N = O

Zi_, iftmodm#landm#T,meN

13: Z, < . . )
RF-inversion(Z;_1,t — 1,¢) otherwise

14: end for

15: 27y < Zr

16: // Image Editing Steps with SLoC

17: fort =T,T —1,...1do

18: for F7; «+ SA;,CA;,MLP,,l € [1,...L] do

19: Zf <« scatter(Fi(Z],Z;1t), Cira[l, Fil)
20: Update(Cyy1[l, Fi])
21: end for

2 Zi o+ Zf, OM+Z; O (1 - My)
23: end for

24: I* <~ VQ-Decoder(Z§)

25: return I*

processing and can be further optimized.

Our initialization and update strategy for the score map
can be transformed from an online operation into an of-
fline algorithm while maintaining full mathematical equiva-
lence (See the supplementary material for the formal proof).

The key insight here is that under the score update rule

S (R © SE) ©® Mfreq7

we can prove the top-R% selected indices Il(otp)R% in the
same time step in the offline and online process remain
equivalent:

It(ong% (offline) = ISJR% (online) Vte[l...T].
Here S denotes the score map, R represents the randomly
initialized score values, Sg corresponds to the region score

bonus, and M ..., denotes the matrix for cache frequency
control, consistent with Algorithm 1.

Therefore, we can decouple the cache score update, sort-
ing, and index selection logic from the model’s computation
process. By precomputing and storing the required token in-
dices during preprocessing, the overhead from cache opera-
tions in the inference phase is reduced to a single read/write
cost. Consequently, the former 4 steps of the cache cycle
can be omitted during inference. SLoC directly updates
only the necessary tokens during inference, without execut-
ing any redundant score computation or update strategies.

4.3. Inversion Step Skipping

After addressing the spatial redundancy, we focus on the
temporal redundancy in both inversion/denoising process-
ing. As demonstrated in Fig. 2(b), previous methods [16,
49] calculate the noise at each timestep. However, the emer-
gence of DDIM [53] motivates us to consider whether we
can skip certain steps in flow matching-based inversion.
During the editing process, we discover that skipping some
inversion steps does not degrade the quality of the editing
results(see Fig. 2(b)), which demonstrates the redundancy
of the inversion process.

To eliminate this redundancy, we propose the inversion
step skipping strategy in the editing processing. The key
insight of inversion step skipping is that skipping some in-
version steps does not result in noticeable artifacts, but it
can significantly improve speed. Formally, during the in-
version, the skipping step is set m. We add the noise from
the Zg. In every m steps, we perform an rf-inversion [49],
while for the other timesteps, we directly reuse the noise
from the previous timestep. This process can be formally
expressed as follows:

Z; 1 iftmodm#landm#T,meN
RF-inversion(Z;_1,t — 1, )
Additionally, we provide the pseudocode implementation
in Algorithm. 1. Note that, to ensure noise quality, the final
step of the inversion process is always fully computed,
whereas the intermediate steps employ a mixed strategy
of full computation and cache-accelerated computation.
In our experiment, skipping step m is set 3 to balance the
quality and speed. We also provide the ablation study about
the inversion skipping step in Section. 5.3.

Zi .
otherwise

5. Experiments

5.1. Implementation Details

In our experiment, the base model adopted the currently
popular flow matching model, FLUX-Dev [20], which con-
sists of 12B parameters. Models for other qualitative results
are implemented using SD series [ 1, 6, 48, 52] with original
codebase. Our inference and editing pipeline is built upon
the codebase from Hugging Face. The inversion and denos-
ing step is set to 28. RF-inversion relative hyper-parameters
follow original implementations [49]. We employ the text-



Figure 5. Qualitative comparisons between baselines and our approach. We compare our approach with various editing tasks, including
prompt-guided image editing, drag-guided image editing, and reference-guided image editing

guidance ratio of 7.0. We selected the PIE-Bench [54]
Benchmark as the dataset for prompt-guided editing, the
TF-ICON Test Benchmark [28] as the dataset for reference-
guided editing, and DragBench-SR and DragBench-DR as
the datasets [55] for drag-guided editing. All experiments
were conducted on an NVIDIA H20. More details and eval-
uation metrics can be found in supplementary material.

5.2. Compare with Baseline

Qualitative Comparison. We perform extensive quali-
tative comparisons between our method and various edit-
ing approaches. Specifically, we evaluate three kinds
of popular editing tasks, including prompt-guided, drag-
guided, and reference-guided image editing. (1) Prompt-
guided image editing: we compare with Direct Inversion
[18], InfEdit [63], and P2P [16]. (2) Drag-guided im-
age editing, we select three methods to do comparisons,
including DragDiffusion [51], Region Drag[27], and Fast-
Drag [70]. Pipeline are implemented from public codebase
from github. (3) Reference-guided editing, we compare
our approach with TF-ICON [29], PrimeComposer [59],
and DCCF [64]. SD-v2-1 checkpoint is used for Image
Composition. As shown in Figure. 5, for prompt-guided
task, Direct inversion and InfEdit fail to edit the image
successfluly. DDIM+P2P has a challenge to maintain the
background consistency. By contrast, our approach exhibits
superior consistency, enhanced detail preservation, and im-

proved aesthetic quality in terms of style.

Table 1. Comparison of quality and efficiency

Quality metrics Efficiency metrics

Method

PSNRT LPIPS, ;2| SSIMf CLIP-Tf FLOPS(T) Time (s) Model type
P2P DDIM 17.87 20.88 072 2513 3344 18.75 SD1-4 860M
MasaCtl ~ DDIM 22.19 10.54 080  24.02 3344 17.65 SDI1-4 860M
MasaCtrl DI 22.69 8.73 082 2439 408.3 23.60 SD1-4 860M
PnP DDIM 2523 11.27 080 2542 180.9 13.81 SDI-5 860M
PnP DI 22.46 10.55 0.80 25.48 180.9 13.77 SD1-5 860M
InfEdit  Tnversion-free 2811 5.61 085 2586 124.6 290  SDI-5,LCM 860M
DiT4Edit DPM-Solver++  22.85 - - 2539 260.4 515  PixArt XL 610M
RF-inv  RF-inversion 17.74 24.40 066 2631 116 1356 FLUX 12B
RF-Edit RF-Solver 20.17 18.50 0.77 26.64 2223.2 26.23 FLUX 12B
Flow-Edit  — 2220 10.49 085 2580 952.8 11.84 FLUX 12B
SLoC RF-inversion  31.97 1.96 094 2537 384.0 5.96 FLUX 12B
SLoC 1SS 3197 195 094 2538 264.5 4.60 FLUX 12B

Quantitative Comparison. We compared various editing
methods in terms of background consistency in non-edited
regions and adherence to prompts in the edited regions.
As shown in Table. 1, since our approach allocates fewer
computational resources to non-edited regions and employs
masking in the latent space, we achieve significantly better
performance in background consistency compared to other
state-of-the-art editing methods. Furthermore, in terms
of prompt adherence, the Inversion step skipping strategy
achieves a CLIP score comparable to that of RF-Inversion
with full computation. It is also competitive with others.

5.3. Ablation Study

Extensive quantitative and qualitative ablation experiments
were conducted to analyze the impact of our methods on
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Figure 6. A qualitative example of ablation over SLoC, demon-
strating that regional computation with SLoC leads to higher qual-
ity and lower computational overhead.

Figure 7. The qualitative ablation study about inversion step
skipping. We visualize results in various inversion step skipping.

editing quality. We measure the similarity to the input im-
age in non-edited regions as background preservation (BG
preservation). Additionally, we compare the editing results
incorporating various modules with the editing results ob-
tained from full computation without caching as foreground
fidelity (FG fidelity).

Ablation study of spatial locality caching. Figure. 6 il-
lustrates the impact of SLoC on editing performance. In
text editing tasks, SLoC leverages the prior of spatial local-
ity to achieve superior editing results compared to the orig-
inal full-computation editing method, despite using more
steps but incurring lower computational overhead. This val-
idates the feasibility of our regionally focused computation
strategy. Furthermore, quantitative comparisons with other
cache-based acceleration methods demonstrate the superi-
ority of our approach (shown in supplementary material).

Table 2. Ablation study on ISS. Ablation study is conducted
on different skipping settings for background preservation, fore-
ground fidelity and inference time.

| BG preservation | FG fidelity | Inference |
Inversion  Denoisin; .
verst I8 | LPIPSY, ., |LPIPSY, . PSNRT FID| | Time(s)
Full step Full step ‘ 1.98 ‘ - - - ‘ 13.27
2-step skip 1.98 5.46 43.77 3.35 10.16
3-step skip  Full step 1.98 5.29 43.99 3.23 9.31
4-step skip 1.98 5.29 43.80 3.31 8.76

Ablation study of inversion step skipping. It can be ob-
served in Table. 2 and Figure. 7 that increasing the skip
interval m to reduce inversion computation significantly
decreases inference time while maintaining background
preservation without quality degradation. Additionally, the
foreground fidelity metrics exhibit negligible differences
compared to full-step computation. This validates the ef-
fectiveness and fidelity of our ISS strategy.

Table 3. Ablation study on different configurations of TIP and
ISS in prompt-guided, drag-guided, and ref-guided editing.

TASK | Method_| FG fidelity ‘ Inference (s) | CLIP-E 1
| TIP 1SS | FID| PSNRT LPIPS , ,
x x |3950 3175 575 5.96 21.34
x v |3933 3176 574 5.06 21.34
Prompt
voox | 3942 3175 575 5.14 21.34
Vv | 3921 3176 5.74 4.60 21.34
) x  x |2061 3347 228 7.12 2220
Dragging
v v | 2207 3368 2.19 5.66 2221
» x | 1233 3978 0.54 725 2335
Composition
v 1235 39.80 0.54 5.66 23.35

Figure 8. A Comparison over different configurations and
other cache methods. Fidelity of various tasks, speed up ratio
and clip score are shown in this radar chart.

Ablation study of TIP over ISS and various tasks. As
shown in Table 3 and Figure 8, TIP remains compatible with
ISS while maintaining comparable FG fidelity and CLIP
scores across various editing tasks. Furthermore, it achieves
an additional reduction in inference latency by an average of
over 20% compared to the SLoC baseline.

6. Conclusions

Inversion-based image editing usually suffers from expen-
sive computation costs caused by the spatial and temporal
redundancy within diffusion models. To solve this problem,
we design an efficient editing framework using the spatial
locality caching with token index preprocessing and inver-
sion step skipping. To the best of our knowledge, we are the
first to adapt cache-based acceleration for diffusion infer-
ence across various editing tasks. Our work provides valu-
able insights and exploration for future approaches toward
efficient, and potentially real-time, image and even video
editing.

Acknowledgment This work was partially supported by
Dream Set Off - Kunpeng&Ascend Seed Program and
The Research Grant Council of the Hong Kong Spe-
cial Administrative Region under grant number 16203122.

17481



References

(1]

2

—

(3]

4

—

(5]

(6]

(7]

(8]

[9

—

[10]

(11]

[12]

[13]

(14]

Stability Al Stable diffusion 2.1 base. https :
/ / huggingface . co / stabilityai / stable —
diffusion-2-1-base, 2022. Accessed: March 5,
2025. 6

Daniel Bolya and Judy Hoffman. Token merging for fast
stable diffusion. CVPR Workshop on Efficient Deep Learning
for Computer Vision, 2023. 3

Daniel Bolya, Cheng-Yang Fu, Xiaoliang Dai, Peizhao
Zhang, Christoph Feichtenhofer, and Judy Hoffman. Token
merging: Your vit but faster, 2023. 3

Mingdeng Cao, Xintao Wang, Zhongang Qi, Ying Shan, Xi-
aohu Qie, and Yingiang Zheng. Masactrl: Tuning-free mu-
tual self-attention control for consistent image synthesis and
editing, 2023. 2

Qihua Chen, Yue Ma, Hongfa Wang, Junkun Yuan, Wenzhe
Zhao, Qi Tian, Hongmei Wang, Shaobo Min, Qifeng Chen,
and Wei Liu. Follow-your-canvas: Higher-resolution video
outpainting with extensive content generation. arXiv preprint
arXiv:2409.01055,2024. 2, 3

CompVis. Stable diffusion vl.4. https://
huggingface.co/CompVis/stable-diffusion
v1-4,2022. Accessed: March 5, 2025. 6

Y. Dalva, K. Venkatesh, and P. Yanardag. Fluxspace: Disen-
tangled semantic editing in rectified flow transformers. 2024.
2,3

Tri Dao, Daniel Y. Fu, Stefano Ermon, Atri Rudra, and
Christopher Ré. Flashattention: Fast and memory-efficient
exact attention with io-awareness, 2022. 3

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim
Entezari, Jonas Miiller, Harry Saini, Yam Levi, Dominik
Lorenz, Axel Sauer, Frederic Boesel, Dustin Podell, Tim
Dockhorn, Zion English, Kyle Lacey, Alex Goodwin, Yan-
nik Marek, and Robin Rombach. Scaling rectified flow trans-
formers for high-resolution image synthesis, 2024. 2

Kunyu Feng, Yue Ma, Bingyuan Wang, Chenyang Qi,
Haozhe Chen, Qifeng Chen, and Zeyu Wang. Ditdedit:
Diffusion transformer for image editing. arXiv preprint
arXiv:2411.03286, 2024. 3

Kunyu Feng, Yue Ma, Bingyuan Wang, Chenyang Qi,
Haozhe Chen, Qifeng Chen, and Zeyu Wang. Ditdedit: Dif-
fusion transformer for image editing. In Proceedings of
the AAAI Conference on Artificial Intelligence, pages 2969—
2977, 2025. 3

Jiayi Gao, Kongming Liang, Tao Wei, Wei Chen, Zhanyu
Ma, and Jun Guo. Dual-prior augmented decoding network
for long tail distribution in hoi detection. In Proceedings of
the AAAI Conference on Artificial Intelligence, pages 1806—
1814, 2024. 3

Hang Guo, Tao Dai, Zhihao Ouyang, Taolin Zhang, Yao-
hua Zha, Bin Chen, and Shu-tao Xia. Refir: Grounding
large restoration models with retrieval augmentation. arXiv
preprint arXiv:2410.05601, 2024. 4

Hang Guo, Yawei Li, Tao Dai, Shu-Tao Xia, and Luca
Benini. Intlora: Integral low-rank adaptation of quantized
diffusion models. arXiv preprint arXiv:2410.21759, 2024. 3

[15]

(16]

(17]

(18]

(19]

[20]

(21]

(22]

(23]

(24]

[25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

17482

Hang Guo, Yawei Li, Taolin Zhang, Jiangshan Wang, Tao
Dai, Shu-Tao Xia, and Luca Benini. Fastvar: Linear visual
autoregressive modeling via cached token pruning. arXiv
preprint arXiv:2503.23367, 2025. 3

A. Hertz, R. Mokady, J. Tenenbaum, K. Aberman, Y. Pritch,
and D. Cohen-Or. Prompt-to-prompt image editing with
cross attention control. 2022. 2,4, 6,7

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffu-
sion probabilistic models. arXiv preprint arXiv:2006.11239,
2020. 4

Xuan Ju, Ailing Zeng, Yuxuan Bian, Shaoteng Liu, and
Qiang Xu. Pnp inversion: Boosting diffusion-based editing
with 3 lines of code. International Conference on Learning
Representations (ICLR), 2024. 2, 3,7

Vladimir Kulikov, Matan Kleiner, Inbar Huberman-
Spiegelglas, and Tomer Michaeli. Flowedit: Inversion-free

text-based editing using pre-trained flow models. arXiv
preprint arXiv:2412.08629, 2024. 3
Black Forest Labs. Flux.1-dev. https :

/ / huggingface . co / black - forest - labs /
FLUX.1-dev, 2024. Accessed: March 5, 2025. 6

S. Lin, B. Liu, J. Li, and X. Yang. Common diffusion noise
schedules and sample steps are flawed. 2024. 2

Y. Lipman, R.T.Q. Chen, H. Ben-Hamu, M. Nickel, and M.
Le. Flow matching for generative modeling. arXiv preprint
arXiv:2210.02747,2023. 4

H. Liu, W. Zhang, J. Xie, et al. Faster diffusion via temporal
attention decomposition. 2024. 3

Xingchao Liu, Chengyue Gong, and Qiang Liu. Flow
straight and fast: Learning to generate and transfer data with
rectified flow, 2022. 3

Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan
Li, and Jun Zhu. Dpm-solver: A fast ode solver for diffusion
probabilistic model sampling in around 10 steps, 2022.
Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan
Li, and Jun Zhu. Dpm-solver++: Fast solver for guided sam-
pling of diffusion probabilistic models, 2023. 3

Jingyi Lu, Xinghui Li, and Kai Han. Regiondrag: Fast
region-based image editing with diffusion models, 2024. 3,
7

Shilin Lu, Yanzhu Liu, and Adams Wai-Kin Kong. Tf-icon:
Diffusion-based training-free cross-domain image composi-
tion. In Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, pages 2294-2305, 2023. 7

Shilin Lu, Yanzhu Liu, and Adams Wai-Kin Kong. Tf-icon:
Diffusion-based training-free cross-domain image composi-
tion, 2023. 2, 3,4, 7

X. Ma, G. Fang, and X. Wang. Deepcache: Accelerating
diffusion models for free. arXiv preprint arXiv:2312.00858,
2023. 3

X. Ma, G. Fang, M.B. Mi, and X. Wang. Learning-to-cache:
Accelerating diffusion transformer via layer caching. arXiv
preprint arXiv:2406.01733,2024. 3

Yue Ma, Yali Wang, Yue Wu, Ziyu Lyu, Siran Chen, Xiu Li,
and Yu Qiao. Visual knowledge graph for human action rea-
soning in videos. In Proceedings of the 30th ACM Interna-
tional Conference on Multimedia, pages 4132-4141, 2022.
3


https://huggingface.co/stabilityai/stable-diffusion-2-1-base
https://huggingface.co/stabilityai/stable-diffusion-2-1-base
https://huggingface.co/stabilityai/stable-diffusion-2-1-base
https://huggingface.co/CompVis/stable-diffusion-v1-4
https://huggingface.co/CompVis/stable-diffusion-v1-4
https://huggingface.co/CompVis/stable-diffusion-v1-4
https://huggingface.co/black-forest-labs/FLUX.1-dev
https://huggingface.co/black-forest-labs/FLUX.1-dev
https://huggingface.co/black-forest-labs/FLUX.1-dev

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

[43]

[44]

[45]

Yue Ma, Xiaodong Cun, Yingqing He, Chenyang Qi, Xin-
tao Wang, Ying Shan, Xiu Li, and Qifeng Chen. Magic-
stick: Controllable video editing via control handle transfor-
mations. arXiv preprint arXiv:2312.03047,2023. 2, 3

Yue Ma, Yingqing He, Xiaodong Cun, Xintao Wang, Siran
Chen, Xiu Li, and Qifeng Chen. Follow your pose: Pose-
guided text-to-video generation using pose-free videos. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, pages 41174125, 2024. 3

Yue Ma, Yingqing He, Xiaodong Cun, Xintao Wang, Siran
Chen, Xiu Li, and Qifeng Chen. Follow your pose: Pose-
guided text-to-video generation using pose-free videos. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, pages 41174125, 2024. 3

Yue Ma, Yingqing He, Hongfa Wang, Andong Wang,
Chenyang Qi, Chengfei Cai, Xiu Li, Zhifeng Li, Heung-
Yeung Shum, Wei Liu, et al. Follow-your-click: Open-
domain regional image animation via short prompts. arXiv
preprint arXiv:2403.08268, 2024.

Yue Ma, Hongyu Liu, Hongfa Wang, Heng Pan, Yingqing
He, Junkun Yuan, Ailing Zeng, Chengfei Cai, Heung-Yeung
Shum, Wei Liu, et al. Follow-your-emoji: Fine-controllable
and expressive freestyle portrait animation. arXiv preprint
arXiv:2406.01900, 2024. 2, 3

Yikun Ma, Dandan Zhan, and Zhi Jin. Fastscene: Text-driven
fast 3d indoor scene generation via panoramic gaussian splat-
ting. arXiv preprint arXiv:2405.05768, 2024. 3

Yue Ma, Kunyu Feng, Xinhua Zhang, Hongyu Liu,
David Junhao Zhang, Jinbo Xing, Yinhan Zhang, Ayden
Yang, Zeyu Wang, and Qifeng Chen. Follow-your-creation:
Empowering 4d creation through video inpainting. arXiv
preprint arXiv:2506.04590, 2025. 3

Yue Ma, Yingqing He, Hongfa Wang, Andong Wang, Leqi
Shen, Chenyang Qi, Jixuan Ying, Chengfei Cai, Zhifeng Li,
Heung-Yeung Shum, et al. Follow-your-click: Open-domain
regional image animation via motion prompts. In Proceed-
ings of the AAAI Conference on Artificial Intelligence, pages
6018-6026, 2025. 3

Yikun Ma, Yiqing Li, Jiawei Wu, Xing Luo, and Zhi Jin.
Motiondiff: Training-free zero-shot interactive motion edit-
ing via flow-assisted multi-view diffusion. arXiv preprint
arXiv:2503.17695,2025. 3

Yue Ma, Yulong Liu, Qiyuan Zhu, Ayden Yang, Kunyu Feng,
Xinhua Zhang, Zhifeng Li, Sirui Han, Chenyang Qi, and
Qifeng Chen. Follow-your-motion: Video motion transfer
via efficient spatial-temporal decoupled finetuning. arXiv
preprint arXiv:2506.05207, 2025. 3

Yihao Meng, Hao Ouyang, Hanlin Wang, Qiuyu Wang, Wen
Wang, Ka Leong Cheng, Zhiheng Liu, Yujun Shen, and
Huamin Qu. Anidoc: Animation creation made easier. arXiv
preprint arXiv:2412.14173, 2024. 4

R. Mokady, A. Hertz, K. Aberman, Y. Pritch, and D. Cohen-
Or. Null-text inversion for editing real images using guided
diffusion models. 2022. 2

Shen Nie, Hanzhong Allan Guo, Cheng Lu, Yuhao Zhou,
Chenyu Zheng, and Chongxuan Li. The blessing of random-
ness: Sde beats ode in general diffusion-based image editing,
2024. 3

[40]

[47]

(48]

(49]

(50]

(51]

(52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

(60]

[61]

17483

Z. Pan, R. Gherardi, X. Xie, and S. Huang. Effective real
image editing with accelerated iterative diffusion inversion.
2023. 2

William Peebles and Saining Xie. Scalable diffusion models
with transformers. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 4195-4205,
2023. 2

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Bjorn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 10684—-10695, 2022. 6

L. Rout, Y. Chen, N. Ruiz, C. Caramanis, S. Shakkottai,
and W.-S. Chu. Semantic image inversion and editing us-
ing rectified stochastic differential equations. arXiv preprint,
arXiv:2410.10792, 2024. 2, 6

P. Selvaraju, T. Ding, T. Chen, I. Zharkov, and L. Liang.
Fora: Fast-forward caching in diffusion transformer accel-
eration. arXiv preprint arXiv:2407.01425,2024. 3, 2

Yujun Shi, Chuhui Xue, Jiachun Pan, Wenqing Zhang, Vin-
cent YF Tan, and Song Bai. Dragdiffusion: Harnessing diffu-
sion models for interactive point-based image editing. arXiv
preprint arXiv:2306.14435, 2023. 3,7

SimianLuo. Lecm  dreamshaper v7. https :
/ / huggingface co / SimianLuo / LCM _
Dreamshaper_v7,2024. Accessed: March 5, 2025. 6

J. Song, C. Meng, and S. Ermon. Denoising diffusion im-
plicit models. 2022. 2, 3,6

PIE-Bench Team. Pie-bench: ~ Prompt-driven im-
age editing benchmark. https:// forms . gle/
hVMkTABb4uvzVime9, 2024. Accessed: March 5, 2025.
7

Visual AI Team. Regiondrag: Interactive region-based im-
age editing. https://github.com/Visual-ATI/
RegionDrag, 2024. Accessed: March 5, 2025. 7
Jiangshan Wang, Yue Ma, Jiayi Guo, Yicheng Xiao, Gao
Huang, and Xiu Li. Cove: Unleashing the diffusion feature
correspondence for consistent video editing. arXiv preprint
arXiv:2406.08850, 2024. 2, 3

J. Wang, J. Pu, Z. Qi, et al. Taming rectified flow for inver-
sion and editing. 2024. 2, 3

Ting-Chun Wang, Ming-Yu Liu, Jun-Yan Zhu, Andrew Tao,
Jan Kautz, and Bryan Catanzaro. High-resolution image
synthesis and semantic manipulation with conditional gans,
2018. 3

Y. Wang, W. Zhang, J. Zheng, and C. Jin. Primecomposer:
Faster progressively combined diffusion for image composi-
tion with attention steering. 2024. 3, 7

Yujie Wei, Shiwei Zhang, Zhiwu Qing, Hangjie Yuan, Zhi-
heng Liu, Yu Liu, Yingya Zhang, Jingren Zhou, and Hong-
ming Shan. Dreamvideo: Composing your dream videos
with customized subject and motion. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 6537-6549, 2024. 3

Yujie Wei, Shiwei Zhang, Hangjie Yuan, Biao Gong, Longx-
iang Tang, Xiang Wang, Haonan Qiu, Hengjia Li, Shuai Tan,
Yingya Zhang, et al. Dreamrelation: Relation-centric video
customization. arXiv preprint arXiv:2503.07602, 2025. 3


https://huggingface.co/SimianLuo/LCM_Dreamshaper_v7
https://huggingface.co/SimianLuo/LCM_Dreamshaper_v7
https://huggingface.co/SimianLuo/LCM_Dreamshaper_v7
https://forms.gle/hVMkTABb4uvZVjme9
https://forms.gle/hVMkTABb4uvZVjme9
https://github.com/Visual-AI/RegionDrag
https://github.com/Visual-AI/RegionDrag

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

E. Xie, J. Chen, J. Chen, et al. Sana: Efficient high-resolution
image synthesis with linear diffusion transformers. 2024. 2,
3

S. Xu, Y. Huang, J. Pan, Z. Ma, and J. Chai. Inversion-free
image editing with natural language. 2023. 2, 7

Ben Xue, Shenghui Ran, Quan Chen, Rongfei Jia, Bingiang
Zhao, and Xing Tang. Dccf: Deep comprehensible color
filter learning framework for high-resolution image harmo-
nization, 2022. 3, 7

Feihong Yan, Qingyan Wei, Jiayi Tang, Jiajun Li, Yulin
Wang, Xuming Hu, Huiqi Li, and Linfeng Zhang. Lazy-
mar: Accelerating masked autoregressive models via feature
caching. arXiv preprint arXiv:2503.12450, 2025. 3

Zexuan Yan, Yue Ma, Chang Zou, Wenteng Chen, Qifeng
Chen, and Linfeng Zhang. Eedit: Rethinking the spatial
and temporal redundancy for efficient image editing. arXiv
preprint arXiv:2503.10270, 2025. 3

Xiangpeng Yang, Linchao Zhu, Hehe Fan, and Yi Yang.

Videograin: Modulating space-time attention for multi-
grained video editing. arXiv preprint arXiv:2502.17258,
2025. 3

Evelyn Zhang, Jiayi Tang, Xuefei Ning, and Linfeng Zhang.
Training-free and hardware-friendly acceleration for diffu-
sion models via similarity-based token pruning. In Proceed-
ings of the AAAI Conference on Artificial Intelligence, 2025.
J

Yinhan Zhang, Yue Ma, Bingyuan Wang, Qifeng Chen, and
Zeyu Wang. Magiccolor: Multi-instance sketch colorization.
arXiv preprint arXiv:2503.16948, 2025. 3

Xuanjia Zhao, Jian Guan, Congyi Fan, Dongli Xu, Youtian
Lin, Haiwei Pan, and Pengming Feng. Fastdrag: Manipulate
anything in one step. In The Thirty-eighth Annual Confer-
ence on Neural Information Processing Systems, 2024. 3,
-

Shen Zheng, Jingian Pan, Changjie Lu, and Gaurav Gupta.
Pointnorm: Dual normalization is all you need for point
cloud analysis. In 2023 International Joint Conference on
Neural Networks (IJCNN), pages 1-8. IEEE, 2023. 3

Shen Zheng, Changjie Lu, and Srinivasa G Narasimhan.
Tpsence: Towards artifact-free realistic rain generation for
deraining and object detection in rain. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer
Vision, pages 5394-5403, 2024. 3

Chenyang Zhu, Kai Li, Yue Ma, Chunming He, and Xiu Li.
Multibooth: Towards generating all your concepts in an im-
age from text. arXiv preprint arXiv:2404.14239, 2024. 2
Chenyang Zhu, Kai Li, Yue Ma, Longxiang Tang, Chengyu
Fang, Chubin Chen, Qifeng Chen, and Xiu Li. Instantswap:
Fast customized concept swapping across sharp shape differ-
ences. arXiv preprint arXiv:2412.01197,2024. 2,3

Tianrui Zhu, Shiyi Zhang, Jiawei Shao, and Yansong Tang.
Kv-edit: Training-free image editing for precise background
preservation. arXiv preprint arXiv:2502.17363, 2025. 3, 4
C. Zou, X. Liu, T. Liu, S. Huang, and L. Zhang. Accelerat-
ing diffusion transformers with token-wise feature caching.
arXiv preprint arXiv:2410.05317, 2024. 3,2

[77] C. Zou, E. Zhang, R. Guo, et al.

17484

Accelerating diffu-
sion transformers with dual feature caching. arXiv preprint
arXiv:2412.18911,2024. 3,2



	Introduction
	Related Work
	Acceleration of Diffusion Models
	Image Editing

	Preliminaries
	Rectified Flow

	Approaches
	Spatial Locality Caching
	Token Index Preprocessing
	Inversion Step Skipping

	Experiments
	Implementation Details
	Compare with Baseline
	Ablation Study

	Conclusions

