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Abstract. This paper proposes InstaEdit, an acceleration framework
for image editing models that reduces the inference steps while preserv-
ing, or even improving, generation quality. Unlike existing approaches,
the proposed method employed a noise prediction strategy that incorpo-
rates both textual instructions and visual conditions into the noise initial-
ization process, producing latent variables that are closer to intermediate
states along the generative trajectory. These optimized latent variables
were then used as the starting point for the sampling process. The key
component of the framework is a deep noise predictor that estimates a
more suitable initial noise state for the generation procedure, thereby
reducing redundant denoising steps and improving inference efficiency.
InstaEdit can be seamlessly integrated into existing mainstream Flow
Matching inference pipelines. We applied InstaEdit to several state-of-
the-art image editing models, including Step1X-Edit, FLUX.1-Kontext,
and FLUX.2-klein-base-9B. Experimental results demonstrated that In-
staEdit achieved acceleration factors of 4.13×, 3.88×, and 4.22×, respec-
tively, while maintaining stable and high-quality generative performance
across multiple standard image editing benchmarks.

Keywords: Flow-Matching · Image Editing · Acceleration

1 Introduction

Image editing is now widely regarded as a fundamental capability of modern gen-
erative models, allowing users to modify images according to textual instructions
while preserving the original visual content [21,42,44]. With the rapid progress of
diffusion and flow matching frameworks, both the quality and controllability of
instruction-guided image editing have improved considerably. Nevertheless, the
inference procedure of these models remains computationally demanding, mainly
because generating a final result requires a large number of sequential denoising
steps [13,66]. As model scales and image resolutions continue to increase, the as-
sociated computational cost grows accordingly, resulting in noticeable inference
latency and reduced deployment efficiency in practical applications.

Improving the inference efficiency of image editing models has become an
important research direction. Most existing acceleration techniques are adapted
from general image generation strategies [5,22,46,50,52,75], including pruning,

https://orcid.org/0009-0006-6216-4387
https://orcid.org/0009-0009-1743-1900


2 Ma et al.

10 18 26 34

Latency (s) on FLUX.1-Kontext

V
IE

S
c

o
re

 o
n

 G
e

d
it

-B
e

n
c

h

5.75

5.25

5.50

6.00

LCM

FLUX.1-Kontext

TeaCache

RegionE

FlowFast

InstaEdit (Ours)

Better

15 25 35 45

Latency (s) on Step1X-Edit

V
IE

S
c

o
re

 o
n

 G
e

d
it

-B
e

n
c

h

6.75

6.25

6.50

7.00

Step1X-Edit
TeaCache

RegionE

7 14 21 28

Latency (s) on FLUX.2-klein-base-4B/9B

V
IE

S
c
o

re
 o

n
 G

e
d

it
-B

e
n

c
h

7.10

6.50

6.80

7.40

Better Better

InstaEdit (Ours,9B)

FLUX.2-9B-klein

FLUX.2-4B-klein

InstaEdit (Ours,4B)

FLUX.2-klein-base-4B

FLUX.2-

klein-base-9B

InstaEdit (Ours)

Fig. 1: Quality-latency comparison of different image edit models. Visual quality versus
latency curves of the proposed InstaEdit approach and other accelerate methods in both
visual quality and efficiency. Latency is evaluated on a single A100 GPU under 1024
× 1024 resolution.

quantization, and distillation to reduce sampling steps. While effective to some
extent, these methods do not fully exploit the characteristics of image editing,
which requires both semantic consistency and structural preservation, often lead-
ing to suboptimal quality. Some methods tailored for image editing accelerate
inference by modifying or compressing the generative trajectory [4, 9, 24, 27, 40,
41,54,68], but typically at the cost of fidelity.

Recent studies indicated that carefully optimized initial noise could notice-
ably influence the quality of generated images [2, 7, 11, 17, 36, 43, 70, 77]. These
findings suggest that there exists a better initialization state during the genera-
tion process. Instead, it can be interpreted as a latent state corresponding to a
particular timestep along the generative trajectory [12,15,33,43,45,56,64]. When
the initial noise is closer to an optimal intermediate state, model can reach the
final result with fewer denoising iterations. This observation naturally raises an
important question: can the process of obtaining such states be formulated as a
learnable task? If a model could directly predict a suitable intermediate latent
state and use it as the initial noise for inference, redundant evolution might be
avoided, thereby reducing sampling steps while maintaining generation quality.

Motivated by this perspective, we revisit the acceleration problem in image
editing from the viewpoint of initialization optimization and introduce InstaEdit,
a noise prediction module. InstaEdit combines information from reference images
and textual instructions to refine the initial noise, producing latent representa-
tions that lie closer to the desired generative trajectory. This improved start-
ing point enables the solver to converge with fewer iterations, thereby reducing
overall inference cost. Experimental evaluations show that even with substan-
tially fewer denoising steps, InstaEdit maintains generation quality comparable
to that of the original baseline models. We integrate InstaEdit with several recent
state-of-the-art image editing frameworks, including Step1X-Edit [35], FLUX.1-
Kontext [29], and FLUX.2-klein-base-9B [28]. The proposed approach achieves
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acceleration factors of 4.13x, 3.88x, and 4.22x, respectively, while demonstrating
stable performance across multiple widely used image editing benchmarks.

Our contributions are summarized as follows:

1. We propose InstaEdit, it predicts an optimized initialization noise condi-
tioned on both the reference image and the editing instruction, enabling
high-quality image editing with only a few denoising steps.

2. We design an noise prediction architecture. The proposed framework inte-
grates a reparameterization module and a Singular Value Prediction (SVP)
module to generate high-quality initialization noise for image editing.

3. Extensive experiments on multiple state-of-the-art image editing foundation
models demonstrate the effectiveness and generality of InstaEdit. InstaEdit
consistently achieves approximately 4× inference acceleration while main-
taining editing quality across several standard image editing benchmarks.

2 Related Work

Image Editing. Image editing represents a central task in generative mod-
eling. Early approaches built upon the U-Net [48] architecture, such as Con-
trolNet [72], established a stable and reliable framework by introducing struc-
tured control mechanisms. At the same time, instruction-based editing methods
have progressed rapidly. Representative works including InstructEdit [59], Mag-
icBrush [71], and BrushEdit [32] adopt modular designs that combine textual
prompts with spatial constraints, enabling diffusion models to perform targeted
image modifications. More recently, Stable Diffusion [14, 47] has provided the
foundational pipeline for image editing in latent space, while Diffusion Trans-
former (DiT) [42] exploits the global modeling capacity of Transformer archi-
tectures to improve the quality of high-resolution image editing. FLUX [28, 29]
further integrates flow matching with Transformer models, achieving a more
balanced trade-off between generation speed and output fidelity. In addition,
the Qwen-Image series [61] incorporates multimodal understanding with pre-
cise editing capabilities, demonstrating strong performance in tasks such as text
rendering, semantic modification, and appearance preservation.

Efficient diffusion models. Research on efficient diffusion models has be-
come an important direction for accelerating general-purpose diffusion frame-
works. Existing studies explore several strategies. For example, pruning-based
approaches such as LD-Pruner [6] reduce model complexity, while quantization
methods including PTQ4DM [53], FPQuant [76], and SVDQuant [30] lower com-
putational precision to improve efficiency. Distillation-based techniques, such as
BK-SDM [22], LCM [37], Add [50] and Clear [50], aim to compress the sam-
pling process, and sparse attention mechanisms—including DiTFastAttn [69],
SVG [62], Sparse-vDiT [10], and VORTA [55]—optimize the attention computa-
tion within DiTs. In addition, early stopping strategies such as ES-DDPM [38]
further reduce unnecessary computation during inference. To address temporal
redundancy, several works such as DeepCache [39], ∆-DiT [8], Fora [51], and
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Fig. 2: Our InstaEdit method directly transforms random Gaussian noise into a more
optimal noise representation, which is then fed into the image editing model to accel-
erate the inference process. The training procedure consists of two stages. In Stage I,
only the InstaEdit module is trained. In Stage II, the InstaEdit module continues to
be optimized while the Foundation model is further fine-tuned using LoRA. Subfigure
(a) illustrates the overall training pipeline, while subfigure (b) presents the inference
pipeline. The complete architecture of InstaEdit is detailed in subfigure (c).

TeaCache [34] reuse intermediate representations across diffusion steps. For im-
age editing tasks, RegionE [9] exploits the distinctive trajectory characteristics
of editing processes while jointly optimizing spatial and temporal redundancy.
NP-Edit [27] utilizes gradient signals from vision-language models to supervise
the training of editing models, thereby removing the need for paired training
data. FastFlow [4] estimates prediction velocities using finite-difference approx-
imations, improving generation efficiency without introducing substantial addi-
tional computational cost.

3 Method

This section introduces the InstaEdit method. Our core idea is not to directly
compress the denoising trajectory, but to learn a better initialization for the gen-
eration process, thereby shifting the starting point closer to the target solution
space and reducing the number of required sampling steps for more efficient im-
age editing. To this end, we design a dedicated network that takes the original
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noise, reference image, and text prompt as inputs, and predicts an optimized
noise initialization, which is then fed into the backbone generative model for
standard denoising. The overall framework is illustrated in Figure 2 and Sec-
tion 3.1. Section 3.2 further details the training and inference procedures.

3.1 Model Architecture

In this section, we describe the InstaEdit architecture, which is composed of two
main components: a reparameterization module and a Singular Value Prediction
(SVP) module. The reparameterization module incorporated reference image in-
formation into the original noise, thereby introducing global layout constraints
into the generation process. The SVP module further integrated textual infor-
mation to structurally model the noise representation, enhancing stability and
providing improved initial conditions for the subsequent generation stage.

Reparameterization Module. To enable reference-guided image editing,
this module incorporated visual cues from the reference image into the noise ini-
tialization, thereby establishing the basic layout structure of the generation pro-
cess. Following the reparameterization strategy commonly used in Variational
Autoencoders (VAE) [23], the module predicted the mean and variance of a
Gaussian distribution instead of directly estimating noise values. This formu-
lation promoted distributional consistency and contributes to stable training.
The predicted parameters were then used to adjust the original noise zori, guid-
ing it toward the distribution implied by the reference image while maintaining
probabilistic coherence. In practice, this procedure can be interpreted as apply-
ing a controlled perturbation to the original noise, resulting in a refined noise
representation. The corresponding mathematical formulation is given as:

zrep =
√

ᾱτSxref +
√

1− ᾱτSfref(xref, zori, τS), (1)

where xref denotes the reference image; while fref(xref, zori, τS) denote the noise
map predicted by the network based on the reference image xref and the sched-
uled starting timestep τS, respectively.

From an architectural perspective, this module was built upon the VQ-
GAN [57] encoder structure and contains two down-sampling blocks, each equipped
with a self-attention mechanism [58]. Such a design enabled the model to cap-
ture long-range dependencies within the image, allowing both global structure
and semantic information to be effectively incorporated during noise generation.
Through the resampling process, controlled perturbations were introduced into
the original noise distribution.

Singular Value Prediction Module. Since the latent space is high-dimensional
and structural as well as semantic information are highly entangled, directly
predicting the target noise within the latent space is inherently difficult. Prior
studies [1, 3, 49, 77] indicated that decomposing noise into multiple components
facilitated more precise processing and reconstruction, which in turn improves
both recovery accuracy and stability. Following this idea, we first applied Singu-
lar Value Decomposition (SVD) to the noise obtained from the previous stage,
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decomposing it into three components: U , Σ, and V ⊤. From the perspective
of spectral stability, the singular vector subspaces (U and V ⊤)) tend to remain
relatively stable, whereas most variations are reflected in the singular value ma-
trix Σ [31, 63]. Based on this observation, our model focuses on learning and
predicting the Σ̃ corresponding to the target noise, while keeping the singular
vectors fixed. This design significantly simplifies the learning problem. In prac-
tice, U and V ⊤ provide stable spatial constraints that guide the update of the Σ
within the existing structural subspace. Meanwhile, the frozen text encoder of the
Foundation model was employed to extract textual features. The text prompt
c, processed using Classifier-Free Guidance (CFG), was incorporated into the
noise representation. Through a cross-modal interaction mechanism, the model
conditionally adjusted the Σ. Afterward, the inverse SVD transformation was
applied to reconstruct the target noise. By optimizing the singular value spec-
trum under a fixed structural subspace, the method efficiently reconstructs the
target noise while maintaining semantic consistency.

We denote ρ(·) as the SVD function, ρ(·)−1 denotes its inverse transfor-
mation; F (·, ·) denotes cross-modal interaction mechanism; E denotes the frozen
text encoder; and σ denotes AdaGroupNorm, which helps stabilize training. The
formulation of framework can be written as follows:

e = σ(zori, E(c)), P,Σ,Q⊤ = ρ(zrep), (2)

Σ̃ = F (Σ, e), z′svp = ρ(P, Σ̃,Q⊤)−1, (3)

where e denotes the normalized text embedding and z′svp denotes the predicted
target noise.

3.2 Model Training and Inference

Figure 2 clearly illustrates the model’s training and inference processes.
Training Process. Given the dataset D := {xrefi, ci, xtari}|D|

i=1, the reference
image xref, prompt c, and original noise zori were fed into the InstaEdit Φ to
obtain the optimized noise zf . Subsequently, the t denoising steps on zf were
performed using the foundation model Γ to get the predicted latent state zpre.
Meanwhile, the target reference image xtar was encoded through the Variational
Autoencoder (VAE) of the foundation model to acquire the target latent state
ztar. During training, each data sample is reused with different numbers of de-
noising steps, which improves the model’s adaptability to various inference steps.
The training objective is to optimize the model such that the zf is as close as
possible to the ztar decoded from the target reference image. The general formula
for the noise initializer learning task is expressed as follows:

Φ∗ = argmin
ϕ

ED[ℓ(Γ (Φ(xrefi , ci, zori), t), ztari)]. (4)

In the first stage, all parameters of the Foundation model were frozen, and
only the InstaEdit module was trained. This stage allowed InstaEdit to learn
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Input LCM RegionE TeaCache FlowFast Ours

Background Change：Change the background to a city street.

Material Alter：Change the cup in hand to ceramic cup.

Subject Remove：Erase the knife on the cutting board.

Text Change：Replace the text 'Ziel' with 'Porte'.

Fig. 3: Examples of edited images by InstaEdit and baseline on FLUX.1-Kontext.

structured optimization of the initial noise under a fixed generative backbone. In
the second stage, Low-Rank Adaptation (LoRA) [18] was introduced to perform
lightweight fine-tuning of the Foundation model, further enhancing the synergy
between InstaEdit and the Foundation model. This design enabled improved
adaptation while maintaining parameter efficiency.

Loss Function. To train InstaEdit, the L2 loss L2, LPIPS [73] loss LLPIPS,
and GAN [25] loss LGAN were adopted, following common practices in recent
studies [60,70,77]. In addition, we observed that generation performance tended
to remain stable when the predicted noise approximately follows a normal dis-
tribution with a mean of 0 and a variance of 0.1. In practical inference scenarios,
however, the model output may occasionally deviate from this desired distribu-
tion. To address this issue, we introduced an additional regularization term Lreg
that constrains the statistical properties of the generated noise. Specifically, let
the mean and standard deviation of the model output be: µθ(zt), σθ(zt). Given
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Input
Step1X-Edit

(30 steps)
RegionE TeaCache Ours

Subject Remove：Delete the computer.

Text Change：Replace the text 'CS' with 'VALO' and replace 'GO' with 'RANT'.

Step1X-Edit

(8 steps)

Material Alter：Sculpt the ice cream from jade.

Fig. 4: Examples of edited images by InstaEdit and baseline on Step1X-Edit.

the target statistics: µtgt, σtgt. The regularization loss is defined as follows:

Lreg = λreg

[∥∥µθ(zt)− µtgt
∥∥2
2
+
∥∥σθ(zt)− σtgt

∥∥2
2

]
, (5)

where λreg is a tunable weight coefficient that controls the relative contribution
of the regularization term with respect to the other loss functions.

For training convenience and improved computational efficiency, all losses are
computed in the latent space. Furthermore, the LPIPS loss is fine-tuned in the
latent space to better adapt to our model architecture and training objectives.

Inference Process. Our model effectively incorporates reference images
xref and editing prompts c into noise zori, converting it into high-quality noise zf,
thereby providing more optimal initial conditions for image editing tasks and en-
ables efficient acceleration. InstaEdit can be directly integrated at the front end
of the Foundation model without requiring substantial modifications to the orig-
inal codebase. Furthermore, we will release the model weights for both training
stages along with reference implementations, facilitating rapid integration and
reproducibility across different Foundation models and application scenarios.

4 Empirical Analysis

4.1 Experimental Setup

This section presents an empirical evaluation of the effectiveness, generalization
capability, and efficiency of InstaEdit. Extensive experiments were conducted
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Input
FLUX.2-9B-

klein

FLUX.2-4B-

klein-base

FLUX.2-9B-

klein-base
Ours

Motion Change：Make the child pout.

FLUX.2-4B-

klein

Text Change：Change the text 'COST' to 'FREE'.

Input FLUX.2-9B-klein OursFLUX.2-4B-klein

Subject Replace：Replace the paintbrush in the foreground person's hand 

with a giraffe mask.

Fig. 5: Examples of edited images by InstaEdit and baseline on FLUX.2-klein-
4B/FLUX.2-klein-9B.

across a range of image editing models to comprehensively assess its performance.
Due to space limitations, additional experimental results are provided in the
supplementary materials.

Foundation Model. This study evaluated InstaEdit on three open-source
state-of-the-art (SOTA) models: Step1X-Edit-v1p1 [35], FLUX.1-Kontext [29],
and FLUX.2-klein-4B/9B [28]. For Step1X-Edit, the CFG scale was set to 6; for
FLUX.1-Kontext, the scale was set to 2.5; and for FLUX.2-klein-base-4B/9B,
the scale was set to 1. All models were evaluated using 30 sampling steps.

Baseline. For FLUX.1-Kontext, RegionE [9], TeaCache [34], and FlowFast [4]
were selected as baseline methods for comparison. To assess the effectiveness of
distillation-based strategies, we selected LCM [37] as a representative distilled
variant. For Step1X-Edit, RegionE and TeaCache were adopted as the baseline
methods for evaluation. For FLUX.2-klein-4B/9B-Base, since no dedicated ac-
celeration methods have been specifically designed for this model, we used its
official distilled variants, FLUX.2-4B/9B-klein, as the comparison baselines.

Training Data. We aggregated several publicly available image editing
datasets, including ImgEdit [67], AnyEdit [20], UltraEdit [74], SEED-Data-Edit [16],
and HQ-Edit [19]. Only single-turn editing samples were retained. For each gen-
erated image, we computed the GPT Score [26] and Fake Score [65], which mea-
sure instruction adherence and visual realism, respectively. Based on these two
metrics, we filtered samples that demonstrated strong editing performance, high
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semantic consistency, and stable visual quality. The resulting dataset contains
approximately one million samples spanning 10 editing categories, providing di-
verse and high-quality data for model training and evaluation. We will provide
detailed information about the datasets in the supplementary materials.

Benchmark. For evaluation, we employed three datasets: the English sub-
set of GEdit-Benchmark [35], ImgEdit [67], and Kontext-bench [29]. GEdit-
Benchmark contains 606 image-prompt pairs covering 11 editing tasks. ImgEdit
provides three evaluation splits, including a base test set, a high-difficulty single-
round test set, and a dedicated multi-round test set. Kontext-bench consists of
1026 image-prompt pairs spanning five editing tasks.

Metrics. Following prior work, we adopted the VIEScore [26] metric based
on GPT-4.0 to evaluate editing performance. This metric assesses each edited
image from two perspectives: (1) Semantic Consistency (SC), which measures
the degree to which the generated result follows the editing instructions, and (2)
Perceived Quality (PQ), which evaluates visual realism and the absence of arti-
facts. After computing the VIEScore, the overall score was obtained by taking
the geometric mean of the SC and PQ scores for each image and then averaging
the results across all evaluation benchmarks. For efficiency evaluation, we re-
vealed both the actual runtime latency and the relative speedup compared with
standard pre-trained models. Due to space limitations, we will include additional
qualitative analyses of more metrics in the supplementary material.

Implementation Details. All models were trained on 8 NVIDIA A100
GPUs. During evaluation, experiments are conducted on a NVIDIA A100 GPU.
To ensure fairness and reproducibility, all latency measurements are reported
under a single-GPU setting, with each run processing one image at a time.

4.2 Main Results

Performance on GEdit-Bench. Table 1 outlines the quantitative evalua-
tion results on GEdit-Bench. Under the few-step inference setting, InstaEdit
demonstrated consistent performance improvements across multiple mainstream
Foundation models. Compared with the original inference pipeline, the proposed
method substantially reduced the number of sampling steps while achieving com-
parable—or even superior—results in terms of SC Score, PQ Score, and the over-
all metric. For example, when applied to strong baselines such as FLUX.2-klein-
9B and Step1X-Edit, InstaEdit maintained or even improved the overall score
under a 4-step inference setting. These results indicated that the proposed noise
optimization strategy effectively preserved both generation fidelity and semantic
consistency, even in low-step regimes. Moreover, compared with existing acceler-
ation methods, InstaEdit achieves comparable or even better performance while
using fewer sampling steps and shorter inference time, demonstrating a more
favorable performance–efficiency trade-off.

Performance on ImgEdit-Bench. Table 2 evaluates the effectiveness of
InstaEdit on ImgEdit-Bench. The proposed approach achieved a more favorable
trade-off between efficiency and generation quality. Across both the FLUX and
Step1X-Edit model families, InstaEdit consistently improved SC Score and PQ



InstaEdit: Instant Image Editing via Optimized Noise Prediction 11

Table 1: Quantitative evaluation on GEdit-Bench. Our method performs on par
or better than baselines under the few-step setting.

Method Step Time(s) Speed↑ SC Score↑ PQ Score↑ overall↑

FLUX.1-Kontext 30 34.91 1× 6.30 6.65 5.65
Step1X-Edit 30 52.64 1× 7.31 7.37 6.79
FLUX.2-klein-base-4B 30 14.22 1× 7.22 7.18 6.64
FLUX.2-klein-base-9B 30 31.09 1× 7.56 7.41 7.24

FLUX.1-Kontext 8 9.65 3.61× 5.94 5.86 5.21
+ Distillation 8 9.57 3.64× 6.11 6.07 5.40
+ RegionE - 14.54 2.40× 6.34 6.57 5.65
+ TeaCache - 14.75 2.37× 6.32 6.41 5.38
+ FlowFast 10 8.77 3.98× 6.12 6.06 5.45
+ InstaEdit (Ours) 4 8.98 3.88× 6.33 6.61 5.67

Step1X-Edit 8 13.27 3.87× 6.91 6.83 6.41
+ RegionE - 20.48 2.57× 7.35 7.29 6.82
+ TeaCache - 21.14 2.49× 7.21 7.08 6.67
+ InstaEdit (Ours) 4 12.75 4.13× 7.34 7.32 6.84

FLUX.2-klein-4B 8 4.04 3.52× 7.29 7.23 6.77
FLUX.2-klein-base-4B 8 4.07 3.49× 6.82 6.74 6.31
+ InstaEdit (Ours) 4 5.53 2.57× 7.41 7.40 6.95

FLUX.2-klein-9B 8 7.38 4.21× 7.73 7.50 7.36
FLUX.2-klein-base-9B 8 7.44 4.18× 7.19 7.07 6.62
+ InstaEdit (Ours) 4 7.37 4.22× 7.78 7.52 7.40

Score while significantly reducing the number of sampling steps, achieving state-
of-the-art or tied-best performance on the overall metric among all compared
methods. For example, on FLUX.2-klein-9B, InstaEdit achieved an overall score
of 7.48 with only four inference steps, surpassing the corresponding eight-step
baseline result. These results demonstrated the strong capability of InstaEdit to
preserve semantic consistency and structural fidelity even under low-step infer-
ence settings.

Efficiency Analysis. InstaEdit obtained substantial inference acceleration
while maintaining high-quality editing performance, offering a strong balance
between efficiency and effectiveness. Specifically, it delivered speedups of 4.13×,
3.90×, and 3.98× on Step1X-Edit, FLUX.1-Kontext, and FLUX.2-klein-base-9B,
respectively. In terms of absolute latency, the inference time was reduced from
52.67s to 8.94s, 34.89s to 8.94s, and 30.99s to 7.77s, demonstrating consistent
and practically meaningful improvements in efficiency. On the efficiency-quality
trade-off curve, InstaEdit exhibited a more favorable balance compared with
competing approaches.

InstaEdit introduced a additional inference overhead of approximately 2-4
seconds on A100 GPUs. However, this overhead was acceptable, as InstaEdit
significantly reduces the number of subsequent sampling steps in the overall
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Table 2: Quantitative evaluation on ImgEdit-Bench. Our method performs on
par or better than baselines under the few-step setting.

Method Step Time(s) Speed↑ SC Score↑ PQ Score↑ overall↑

FLUX.1-Kontext 30 34.89 1x 6.94 6.73 6.47
Step1X-Edit 30 52.67 1x 7.26 7.30 6.72
FLUX.2-klein-base-4B 30 14.25 1x 7.29 7.25 6.71
FLUX.2-klein-base-9B 30 30.99 1x 7.67 7.46 7.30

FLUX.1-Kontext 8 9.65 3.61× 6.37 5.98 5.78
+ LCM 8 9.57 3.64× 6.52 6.23 5.94
+ RegionE - 14.54 2.40× 7.06 6.74 6.51
+ TeaCache - 14.75 2.37× 7.02 6.62 6.18
+ FlowFast 10 8.77 3.98× 6.71 6.31 6.13
+ InstaEdit (Ours) 4 8.94 3.90× 7.05 6.78 6.57

Step1X-Edit 8 13.27 3.95× 6.88 6.78 6.31
+ RegionE - 21.14 2.48× 7.29 7.32 6.75
+ TeaCache - 20.48 2.55× 7.02 7.09 6.57
+ InstaEdit (Ours) 4 12.72 4.13× 7.28 7.36 6.73

FLUX.2-klein-4B 8 4.06 3.51x 7.34 7.27 6.94
FLUX.2-klein-base-4B 8 4.04 3.53x 6.87 6.79 6.39
+ InstaEdit (Ours) 4 5.51 2.58x 7.41 7.32 6.99

FLUX.2-klein-9B 8 7.38 4.21x 7.81 7.55 7.39
FLUX.2-klein-base-9B 8 7.44 4.16x 7.38 7.24 6.81
+ InstaEdit (Ours) 4 7.48 4.21x 7.83 7.56 7.47

inference pipeline. Consequently, the model achieved comparable—or even supe-
rior—editing performance with similar or shorter total runtime. In other words,
a small localized computational cost lead to a global improvement in efficiency
and performance. Moreover, the additional parameters introduced by InstaEdit
accounted for less than 5% of the original model parameters, resulting in mini-
mal overhead in terms of model capacity. This highlighted the strong parameter
efficiency and deployment practicality of the proposed method.

Visualization of Generated Results. Figures 3 to 5 illustrate the gen-
erated results. The proposed model generated images with high visual fidelity,
with some results even surpassing those produced by the original baseline mod-
els. Beyond improving speed, our approach also demonstrated strong capability
in preserving the shape and distinctive characteristics of the primary subject
in the reference image. These observations further emphasized the effectiveness
and advantages of the proposed architecture.

4.3 Ablation Studies

Table 3 summarizes an ablation study of the InstaEdit architecture. The re-
sults indicated that both core components contributed significantly to the over-
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Table 3: Ablation studies of the proposed components on GEdit-Bench.

Method Step Time(s) SC Score↑ PQ Score↑ overall↑

FLUX.1-Kontext 30 34.91 6.30 6.65 5.65
FLUX.1-Kontext 8 9.65 5.94 5.86 5.21

w/o Rep 4 7.81 6.22 6.07 5.35
w/o SVP 4 6.96 5.99 6.32 5.27
w/o Lreg 4 8.99 6.18 6.43 5.48
InstaEdit (Ours) 4 8.98 6.33 6.61 5.67

Stage I 4 8.97 6.24 6.49 5.51
Stage II 4 8.98 6.33 6.61 5.67

all model performance. The reparameterization module established the global
layout structure of the image, while the SVP module enhanced semantic editing
capability while maintaining the stability of the noise structure. These two com-
ponents complement each other and jointly improved the overall performance
of the model. Additionally, more detailed ablation experiments are provided in
the appendix, further validating the contribution of each component to model
training and performance improvement.

Moreover, the staged training strategy also improves the synergy between In-
staEdit and the Foundation model. In Stage I, InstaEdit enhances performance
by optimizing the noise initialization; however, since the Foundation model re-
mains frozen, the overall improvement is limited. In Stage II, by fine-tuning
the Foundation model, InstaEdit achieves higher generation quality and demon-
strates significant performance gains.

4.4 Other Experiment

Comparison with Dynamic Methods. Table 4 outlines a comparative anal-
ysis of several dynamic acceleration methods, including InstaEdit, LCM, and
FlowFast, under different sampling step configurations. The results indicated
that InstaEdit consistently maintained stable and competitive generation qual-
ity across various step settings. Compared with the other methods, the proposed
approach effectively alleviated performance degradation while reducing the num-
ber of sampling steps, achieving a more favorable trade-off between inference
efficiency and generation quality.

Orthogonality with Distillation Method. Table 5 evaluates InstaEdit on
the FLUX.2-klein-4B model, which has already incorporated distillation for ac-
celeration, to examine its compatibility with distilled models and its potential for
additional acceleration. The experimental results demonstrated that InstaEdit
was complementary to existing distillation strategies. Specifically, when applied
on top of the distilled model, InstaEdit was able to achieve performance compa-
rable to the original distilled model while using fewer sampling steps. However,
since the distilled model has already achieved high inference efficiency, the ad-
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Table 4: Comparison with dynamic acceleration methods.

Method Step Time(s) Speed↑ SC Score↑ PQ Score↑ overall↑

FLUX.1-Kontext 30 34.91 1× 6.30 6.65 5.65

FLUX.1-Kontext 8 9.65 3.61× 5.94 5.86 5.21
+ LCM 8 9.57 3.64× 6.11 6.07 5.60
+ FlowFast 20 15.54 2.25× 6.28 6.53 5.67
+ InstaEdit (Ours) 8 13.04 2.67× 6.52 6.78 5.75

FLUX.1-Kontext 4 4.98 7.01× 5.75 5.59 5.01
+ LCM 4 4.96 7.03× 5.95 5.89 5.23
+ FlowFast 10 8.77 3.98× 6.12 6.06 5.45
+ InstaEdit (Ours) 4 8.98 3.88× 6.33 6.61 5.67

Table 5: Orthogonality studies on FLUX.2-klein-9B.

Method Step Time(s) Speed↑ SC Score↑ PQ Score↑ overall↑

FLUX.2-klein-9B 8 7.38 1× 7.73 7.50 7.36
+ InstaEdit (Ours) 3 6.34 1.16× 7.71 7.50 7.35

ditional reduction in overall inference time remained relatively limited. Future
work may explore optimizations specifically designed for distilled models to fur-
ther exploit the potential benefits of combining these two approaches.

Due to space constraints, we will include the evaluation results on Kontext-
Bench and additional generated examples in the supplementary material. We
will also provide a more detailed comparison with existing methods.

5 Conclusion

This paper proposes a noise prediction approach that provides an efficient accel-
eration solution for image editing. By integrating textual and visual information
into the initialization noise, the proposed method estimated optimal interme-
diate latent states along the forward trajectory, enabling the model to bypass
redundant inference steps adaptively. As a result, the approach substantially
improved generation efficiency while maintaining strong editing and generation
performance. Extensive experiments demonstrated the effectiveness of InstaEdit.
With negligible loss in visual quality, InstaEdit achieved end-to-end accelera-
tion of 4.13×, 3.90× and 2.58x/4.22× on Step1X-Edit, FLUX.1-Kontext, and
FLUX.2-klein-base-4B/9B, respectively. These results highlighted the simplicity
and general applicability of InstaEdit. Future work will extend the initialization
prediction strategy proposed in this paper to other generative tasks.
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